Wright State University

CORE Scholar
Browse all Theses and Dissertations

Theses and Dissertations

2016

A Theoretical Framework for Evaluating Mental Workload
Resources in Human Systems Design for Manufacturing
Operations
Sharon Claxton Bommer
Wright State University

Follow this and additional works at: https://corescholar.libraries.wright.edu/etd_all
Part of the Engineering Commons

Repository Citation
Bommer, Sharon Claxton, "A Theoretical Framework for Evaluating Mental Workload Resources in Human
Systems Design for Manufacturing Operations" (2016). Browse all Theses and Dissertations. 1526.
https://corescholar.libraries.wright.edu/etd_all/1526

This Dissertation is brought to you for free and open access by the Theses and Dissertations at CORE Scholar. It
has been accepted for inclusion in Browse all Theses and Dissertations by an authorized administrator of CORE
Scholar. For more information, please contact library-corescholar@wright.edu.

A Theoretical Framework For Evaluating
Mental Workload Resources in Human
Systems Design for Manufacturing
Operations

A dissertation submitted in partial fulfilment
of the requirements for the degree of
Doctor of Philosophy

By

SHARON CLAXTON BOMMER
B.S., Tennessee State University, 1996
M.B.A., University of Cincinnati, 2008
M.S., Wright State Univeristy, 2013

2016
Wright State University

WRIGHT STATE UNIVERSITY
SCHOOL OF GRADUATE STUDIES

April 26, 2016

I HEREBY RECOMMEND THAT THE DISSERTATION PREPARED
UNDER MY SUPERVISION BY Sharon Claxton Bommer ENTITLED
A Theoretical Framework for Evaluating Mental Workload Resources in
Human Systems Design for Manufacturing Operations BE ACCEPTED IN
PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE DEGREE OF
Doctor of Philosophy in Engineering.

Mary Fendley, Ph.D.
Thesis Director
Frank W. Ciarallo, Ph.D.
Director, Ph.D. in Engineering
Program
Robert E. Fyffe, Ph.D.
Vice President of Research and
Dean of the Graduate School
Committee on
Final Examination

Adedeji Badiru, Ph.D., P.E.

Chandler Phillips, M.D., P.E.

Frank W. Ciarallo, Ph.D.

Mark Derriso, Ph.D.

Abstract
Bommer, Sharon Claxton.
Engineering Ph.D. Program, Department of
Biomedical, Industrial and Human Factors Engineering, Wright State University,
2016. A Theoretical Framework for Evaluating Mental Workload Resources in
Human Systems Design for Manufacturing Operations.

Manufacturing is a human-driven process that applies energy and manpower
to produce consumer goods.

In repetitive task processes like manufacturing

systems, optimal performance is extremely important for the production
employee and the company.

In the general fast pace of manufacturing

operations, there is the potential for operator errors, which correlates to possible
safety issues and loss of revenue.

This research explores the influence of

cognitive resources on operator performance in manufacturing operations using
the Multiple Resource Theory (MRT) and mental workload measures. Computer
simulation models and mathematical modeling with Improved Performance
Research Integration Tool (IMPRINT) were used to assess mental workload
resources to improve human system design for performance of the shop floor
employee.

This research presents the design, analysis and experimental

implementation of a theoretical framework that provides a systematic approach
for measuring mental workload using a combination of analytical and empirical
techniques.

Two experiments are presented to show the effectiveness of the

proposed framework.

As manufacturing operations become more complex,

models can be used to provide recommendations for operator mental workload
capacity planning.

Therefore, this work is important to industry as

manufacturing operations are changing by requiring more complex procedures,
which increases the cognitive demand of the operator.
iii
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1

INTRODUCTION

Manufacturing is a human-driven process that applies energy and
manpower to produce goods. In repetitive tasks operations, like manufacturing
systems, performance levels are extremely important for the operator and the
company. The majority of efforts on human factors in manufacturing focuses on
the physical ergonomic aspects.

As manufacturing operations become more

complex, and the nature of operations change, it is imperative to take a
cognitive ergonomics approach as well. Lindblom & Thorvald (2014) attempt to
address the question of how the understanding of cognitive load in
manufacturing can lead to a better shopfloor workplace [1].

Unnecessary

cognitive load was found to contribute to the Cognitive Work Environment
Problems they present. The research presented here explores the influence of
cognitive resources on operator performance in manufacturing operations using
Multiple Resource Theory (MRT)and mental workload measures. Simulation
and

modeling

with

Improved

Performance

Research

Integration

Tool

(IMPRINT) were used to assess mental workload (MWL) resources to improve
human system design in a manufacturing environment.
The study of cognitive load in manufacturing operations is a new topic in
cognitive ergonomics and the literature is limited relative to this type of cognitive
assessment. Therefore, my research is important as it will advance the body of
1

knowledge relative to evaluating and mitigating cognitive load in repetitive task
manufacturing operations.
The aim of this research is to explore the theory of cognitive ergonomics, in
conjunction with mental workload applications to evaluate operator MWL
resources in manufacturing operations, which require repetitive tasks, in efforts
to improve operator performance and the human-system design. There are three
objectives to achieve this goal:

1. To develop and test a framework to effectively examine MWL in
manufacturing for repetitive task operations
2. To use IMPRINT MWL predictions, in order to assist with identifying any
mental overload conditions
3. To design and implement a mitigation strategy for any overload conditions
using MRT mapping for process modifications

Figure 1.1: Theoretical Framework
This research successfully developed and tested a framework (Figure 1.1),
that provides a systematic approach to evaluating mental workload for repetitive
2

task processes. The framework iteratively evaluates and redesigns tasks to achieve
effective human system design in this setting.
The basis of the proposed framework utilizes existing Human Factors methods
for evaluating MWL. One of the fundamental contributions of this work is the
integration of these methods for the purpose of evaluating and effectively designing
tasks for the human in a manual operations setting. This work was approached
in three phases (Figure 1.2): pilot, experiment #1 (computer simulation) and
experiment #2 (assembly simulation).

Figure 1.2: Research Approach
Phase 1 (the pilot study) was an exploratory effort to determine the
feasibility of the proposed framework. It consisted of a field study in the medical
device domain. Phase 2 (experiment #1) used computer simulated scenarios of a
supervisory control task in a laboratory experiment to test the framework; the
Air Force Multi-Attribute Task Battery Software (MATB) software was the
testbed.

Lastly, phase 3 (experiment #2) used a repetitive assembly and

inspection process to validate the framework.

In this experiment, subjects

worked with toy building blocks to simulate manual repetitive task processes by
3

manufacturing workers.
The primary research question asked whether the workload assessment
portion of the proposed framework will coherently predict MWL for repetitive
task processes in manufacturing. This hypothesis was tested by checking the
correlation between different workload measures used within the framework for
each task complexity level. In the supervisory control task (phase 2, experiment
#1) two of the three mental workload measures were significantly correlated: the
performance and physiological measures. Similarly, for the manual task (phase
3, experiment #2) the same two of the three mental workload measures were
significantly correlated.

In addition, in both experiments, the framework

diagnosed: MWL differences for task complexity levels for each category of
MWL measures, MWL differences between task complexity combinations and
mental resource utilization to compare task complexity levels. These results were
used to demonstrate that the framework accurately assesses MWL for repetitive
task processes.
The secondary research question asked whether MWL affects performance
in repetitive manufacturing operation tasks. In both experiments, measures of
task performance were significantly correlated with physiological MWL
measures.

Therefore, it was found that increasing MWL generally leads to

decreasing performance in repetitive task processes in a manufacturing context.
In summary, cognitive demands are becoming a predominate factor in
manufacturing operations. This is because of the move towards more complexity
in increasingly competitive manufacturing environments where there is a need to
be more adaptive to production demands. The proposed framework provides a
4

systematic and innovative approach to incorporate cognitive factors in the design
of assembly and inspection tasks. This work is relevant to the changing demands
of the industry and can be applied across domains with repetitive task processes.
This dissertation is divided into eight chapters. Chapter 2 presents the
research background in review of the theory relevant to creating the framework.
In Chapters 3 and 4, the research objective and hypotheses are presented.
Chapter 5 discusses the exploratory phase of the research, which was the pilot
study. Chapters 6 and 7 discuss the experiments conducted to examine and
validate the framework. Lastly, the theoretical contributions and applications of
this work are laid out in chapter 8.

5

2

LITERATURE REVIEW

This section provides information from the bodies of knowledge on the
topics of Mental Workload (MWL), MWL assessment techniques, the Multiple
Resource Theory (MRT), Cognitive Ergonomics and the Improved Performance
Research Integration Tool (IMPRINT). Each topic offers useful information for
exploring mental workload application in manufacturing operations and supports
the research objectives outlined in Chapter 3.

2.1

PRIOR RESEARCH MEASURING MENTAL
WORKLOAD IN MANUFACTURING
Lindblom & Thorvald (2014) attempts to address the question of how the

understanding of cognitive load in manufacturing can lead to a better workplace
for shop floor workers[1]. In this study, a framework is proposed using the theory
of nine Cognitive Work Environment Problems (CWEPs) to understand how
task and work station designs influence an operator’s cognitive load. The types
of CWEPs are disruption of thought, orientation and navigational problems,
cognitive tunnel vision, strains on short-term memory, unnecessary cognitive
strain/load, spatial “dizziness”, inconsistent information coding, problems with
time-coordination of values, and problem identification of process status. The
proposed framework is composed of three levels of factors that can affect mental
6

workload. Level 1 focuses on information processing, and the possible CWEPs
that can influence the operator at this level are disruption of thought, strains on
the short-term memory,

unnecessary cognitive strain,

and inconsistent

information coding. This level focuses on the internal factors of the operator.
Level 2 addresses the external factors that influences the creation of the working
environment. At level 2 internal and external factors are coordinated to improve
human performance. For instance, spatial layout and basic flow or workstations
are considered.

If tools and parts are used together, they should be placed

together in the correct order. Lastly, level 3 addresses socially and culturally
situated aspects of work, such as norms and work practices. This study presents
relevant factors that can affect cognitive load in manufacturing. There was no
empirical data to test or validate the framework; however, the work is still
ongoing.
In another study, Thorvald & Lindblom (2014), presents the initial
development of a cognitive load assessment tool for manufacturing operations[2].
The aim of this tool is to identify risk in tasks and workstation designs where a
high cognitive load may lead to poor performance. The tool evaluates the task
and workstation functions; it is made up of an evaluation form to assess a total
of twelve factors that can influence the task or workstation. The task based
factors are saturation, batch sizes, batching variance, level of difficulty, difficulty
of tool use and level of attention required. On the other hand, the workstation
based factors are number of tools used, mapping of assembly sequence to
workstation design, parts identification, quality of instruction, information cost
and poke-a-yoke and constraints. The combined score of the twelve factors gives
an indication of cognitive effort that an operator may deploy. This study does
7

not include any validation method of the assessment tool.
Layer, Karwoski & Furr (2009) conducted an experiment to test the
research question that human performance in manufacturing operations is
contingent upon the operator’s cognitive demands and perceived quality of work
life attributes[3].

A field experiment was conducted at two manufacturing

companies that performed fabrication and assembly processes. From this work, a
model was developed for human performance (dependent variable), using two
independent variables:

cognitive demands and quality of work.

Human

performance was measured using production quality (number of quality
problems) and schedule (% of completed task). The independent variable of
cognitive demands was measured as an index of task complexity, worker
adaptability, mental workload and goal motivations; these measures were
obtained during a cognitive task analysis. Quality of work life was measured
using a questionnaire to assess variables of supervision, empowerment, job
satisfaction and learning considerations. The results of this work found human
performance to be associated with the human cognitive load attributes involved
with performing a task as well as the worker’s perceived quality of work life
elements. However, there was not a statistically significant correlation between
cognitive demands and quality of work.

This study used empirical data,

cognitive task analysis and questionnaire data to model worker performance in a
production system.

2.2

MENTAL WORKLOAD
With repetitive task operations, there is interaction between the operator

and an assigned task; this is referred to as mental workload (MWL) or simply
8

‘workload’. This is an important measurement because it provides awareness as
to where unacceptable performance may result from an increase in task
demands. The demands on a task or grouping of tasks may include completing
physical actions and/or executing cognitive tasks [4]. Mental workload describes
the demands of tasks, that require the limited information processing capability
of the brain, in much of the same way that physical workload characterizes the
energy demand upon the muscles [5].
Mental workload can be broken into two parts: effective and ineffective.
Effective workload (i.e. task load) is the minimum amount of workload produced
by task requirements. This segment of the workload directly accomplishes the
work [6]. On the other hand, ineffective workload could be avoided by workers
because it does not directly contribute to completing a task [6].
workload could be reduced by learning and training.

Ineffective

Relative to execution

strategies of tasks, effective workload correlates to fast and accurate actions,
whereas ineffective workload is associated with error and inaccuracy. Effective
workload needs the least attention because it relates to efficiency; however,
“more attention is needed under the ineffective mode to control each stage of
information processing” [6]. The assessment of mental workload is an important
aspect in the design and evaluation of occupational tasks [7]. The interaction
between an operator and an assigned task is an important measurement because
it provides awareness as to where increased task demands could lead to a
negative impact on human performance. Also, workload rises when the number
or difficulty of tasks required to complete a goal increases, or when the times
allocated for task completion decreases [8]. Regulating task demands, such that
the operator is neither under-loaded nor overloaded, can increase safety, health,
9

comfort and long-range productivity [9], because high cognitive load for
pro-longed periods can lead to inefficient processes, poor performance as well as
ergonomic and mental health symptoms [1]. Therefore, mental workload has a
direct effect on an operator’s ability to sustain or reach desired performance
levels [6]. As cited (Jung & Jung, 2001), the concept of mental workload is
associated with the difference between the amount of resources available by a
person and the amount of resources needed for the task[10]. Hence, mental
workload can be altered by changing the amount of resources available within
the person or the demands required by the task on the operator. Workload
measurements are used in various capacities to include system desirability and
system optimization.
Mental workload is the dependent variable that will be measured in this
study.

There are three main methods for measuring MWL: subjective,

physiological and performance related[11][12]. However, no method can perfectly
measure MWL by itself [11], therefore, this study will utilize all three methods
to increase the study’s diagnosticity of MWL.

2.3

SUBJECTIVE MEASURES
Subjective workload measures involve asking operators to offer their

judgment on the cognitive effort required to complete a task after it has been
performed [11][13]. This method is relatively non-intrusive, typically easy to
implement and has gained significant theoretical support for its ability to
provide sensitive measures of operator load [9].

According to Bommer and

Fendley (2015), subjective measures have been widely used to assess mental
workload, because these measurement tools have proven to be valid and
10

reliable[14].

Therefore, two subjective mental workload techniques will be

applied in this research: National Aeronautics and Space Administration – Task
Load Index (NASA-TLX) and the Workload Profile.

2.3.1

National Aeronautics And Space Administration –
Task Load Index (NASA-TLX)

NASA-TLX is a subjective MWL assessment tool; it is the most commonly
applied MWL assessment tool. It has been used in numerous domains including
civil and military aviation, driving, nuclear, power plant control room operation
and air traffic control and cited in previous studies, like [15][16][17]. Its utilization
has extended far beyond its original application of aviation and crew complement.
It is “being used as a benchmark against which the efficacies of other measures,
theories or models are judged” [18]. It is taught in university courses and used
in diverse situations such as aircraft certifications, operator rooms and nuclear
power plant control rooms.
The NASA-TLX uses a multi-dimensional scale to measure operator task
performance, which consists of six subscales:

1. Mental demand – measures whether the perceptual activity (e.g. thinking,
looking, searching etc.) was easy or demanding
2. Physical demand – measures whether the physical activity (e.g. controlling,
activating, etc.) was strenuous or relaxed
3. Temporal demand – measures how much pressure was felt with the pace of
activity (e.g. slow, fast, hectic, etc.)
4. Effort – measures how difficult work was applied to accomplish the task
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5. Performance – measures how satisfied the subject was with their execution
of accomplish the tasks
6. Frustration level – measures how the subject felt during the task (e.g.
irritated, relaxed, stressed, etc.)

There are seven steps to implementing the NASA-TLX, which are outlined
in Figure 2.1. Step 1 of the process is to define the task subject to analysis.
The next step requires conducting a Hierarchical Task Analysis (HTA) to clearly
define and understand the steps of the task. (The HTA process is discussed at
Section 2.9.) During step 3, participants are chosen to meet the needs of the
experimental design. Once the participants are identified and chosen, they should
be briefed (step 4) on the purpose of the study and the NASA-TLX method. In
step 5, the task under analysis is performed. After the task is completed, the
NASA-TLX rating procedure begins. This step includes completing a pair-wise
comparison and completing the interval scale. The pair-wise comparison is a
weighting procedure that presents 15 pairwise combinations to the participants
and has them select the scale from each pair that has the most effect on the
workload during the task under analysis [13]. The most common modification
to the NASA-TLX has been to eliminate the weighting process all together [18].
This method has been referred to as the Raw NASA-TLX (RTLX); the sub-scale
ratings are averaged to create an estimate of the overall workload. RTLX will be
used in this research experiment as one of the subjective MWL validation tools.
The interval scale (Appendix F) rates the six dimensions on a scale from 0 to 100,
where 0 represents the lowest task demand and 100 is highest task demand with
the exception of the performance dimension, 0 indicates high demand and 100 is
low demand. The final action (step 7) is to calculate the overall workload score.
12

Figure 2.1: NASA-TLX Procedural Steps
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2.3.2

Workload Profile

The Workload Profile is a multidimensional subjective workload assessment
instrument that is based on the multiple resource model proposed by Wickens
(1987) [13][19][9]. This assessment tool uses eight dimensions to collect data on
the demands imposed by a task:

perceptual/central processing, response

selection execution, spatial processing, verbal processing, visual processing,
auditory processing, manual output and speech output. This method provides
an overall rating for each task as well as a rating for each of the workload
dimensions.

These multidimensional ratings should provide a good

representation of MWL in order to categorize the manner in which the task is
demanding [19].
Figure 2.2 outlines the nine steps of the Workload Profile Process as cited
by Stanton et. al (2010). The first step of the process is to specify the tasks or
scenario under analysis.

Next, a HTA should be conducted in order to

understand the task completely. Step 3 calls for a workload pro-forma to be
created. The workload pro-forma (Appendix F) lists the tasks to be rated in
random order down a column, and across the page the eight MRT workload
dimensions are listed, which are stages of processing (perceptual/central vs.
response), modalities of input (visual vs. auditory), output (manual vs. vocal),
and codes of processing (verbal vs. spatial). The participants are chosen in step
4. In step 5, the participants are briefed on the purpose of the study. It is
recommended that they receive a workshop on MWL, MWL assessment, MRT
and the workload profile dimensions, in order to gain a clear understanding of
the process; because, one disadvantage of this method is that participants have
difficulty understanding the different dimensions, if there is limited experience of
14

psychology and human factors. Once participants have a clear understanding of
the technique’s process, in step 6, a pilot run with a small task should be
performed to demonstrate how to complete the profile pro-forma.

The task

under analysis will be performed by the participants in step 7. Step 8 requires
the completion of the workload profile pro-forma. During this step, participants
rate the proportion of attentional resources used for each task. The participants
assign ratings ranging from 0 to 1 for each of the MWL dimensions hypothesized
in the Wicken’s model. During the final step (step 9), the analyst computes the
overall workload for each task by adding the ratings across the eight dimensions.
The workload profile method will be the second subjective measure tool used in
this research because it is based upon the sound underpinning theory of MRT,
which is discussed further in Section 2.6
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Figure 2.2: Workload Profile Procedural Steps
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2.4

PHYSIOLOGICAL MEASURES
Physiological workload measures are applied largely to the continuous

measurement of physical responses of the human body [12]. An advantage of
these measures is they do not interfere with the primary-task performance, but
depending upon the collection method there may be a degree of physical
constraint imposed [5]. The use of this measurement technique as an indicator of
MWL is based upon the assumption that as task demand increases, changes in
various participant physical responses are noticeable [13].

These physical

responses can be measured with various bodily activity:

cardiac, brain,

respiratory, speech measures, and eye. Eye activity will be used to evaluate
performance during this test environment. These measures will be employed to
support the subjective workload findings.

As cited in Ahlstrom &

Friedman-Berg (2005) [20], “findings indicate that blink rate, blink duration and
saccade duration all decreased while pupil diameter, the number of saccades and
the frequency of long fixations all increased with increased workload (Iqbal,
Adamczyk, Zheng, & Bailey 2004, 2005; Iqbal, Zheng, & Bailey, 2004; Lin,
Zhang, & Watson, 2003; Rognin, Grimaud, Hoffman, & Zeghal, 2004; Stein,
1992; Van Orden, 2000; Van Orden et al., 2000; Veltman & Gaillard, 1998;
Zeghal, Grimaud, Hoffman, & Rognin, 2002)”. Two physiological measures will
be used as the index to measure MWL in this experiment: fixations and pupil
diameter. Fixations are moments when the eyes are relatively stationary. So,
increased fixation duration can be interpreted as an indicator of increased
mental workload. Just as, pupil diameter is an indication of cognitive effort;
large pupil diameters indicate increased mental workload [21].
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2.5

PERFORMANCE
When considering performance for repetitive motion operations, three factors

were taken into account: the effect of unconscious cognition, the learning effect
and calculated measures.

2.5.1

Unconscious Cognition

In repetitive task operations, there is the process of learning. Learning is a
natural phenomenon, in which a worker’s output improves as his productivity
levels improve [22]. As an operator becomes more efficient in a process over-time
and the learning reduces, an operator can experience unconscious cognition.
Unconscious cognition is the “mental structure and process that, operating
outside phenomenal awareness, nevertheless influences conscious experiences,
thought and action” [23]. An example of unconscious cognition is the action
required in driving an automobile. These actions, which are completed without
apparent mental effort and regularly without the ability to remember what was
done, are considered by some as being done unconsciously [24]. Unconscious
cognition should have minimal effect on an operator’s performance in
manufacturing processes, similarly to driving a car in traffic, because regularly
scheduled breaks, equipment breakdowns and quality interruptions are expected
in repetitive motion operations, like assembly lines. During these breaks the
phenomenon of forgetting takes place at various levels depending upon the
length of the break. After each interruption, at the first cycle, learning starts
over again which negates the concern of unconscious cognition. However, if one
does experience unconscious cognition, according to Reinhard, Greifeneder and
Scharmach (2013), unconscious processes are presumed to have far better
processing capability than conscious thinking and as a result of this unconscious
18

Figure 2.3: The learning-forgetting process over time.
Figure Source: Jaber, Givi & Neumann, 2013 [27]
state, one should outperform conscious thought when decision-making problems
are complex[25].

During this experiment, unconscious cognition will not be

explored further due to the minimal impact in the context of this study.

2.5.2

Learning

“Learning refers to the improved operational efficiency and cost reduction
obtained from repetition of tasks” [26].
performance by repeating tasks over time.

Workers learn and improve work
As workers learn, output levels

improve, which decreases resource expenditure per unit and believably,
improving product quality [22].

However, a worker’s performance can also

regress as a result of forgetting and work interruptions (Figure 2.3).
Forgetting is an outcome of work interruptions, which becomes apparent by
production rate reductions after an inoperative period and the manufacturability
of lower quality products compared to production during continuous operation
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[28]. Therefore, the ability to predict a worker’s performance when work resumes
improves production planning and resource allocation. In addition, incorporating
learning into a production process decreases fatigue, which can also improve the
performance of the system [27].
In order to model a worker’s output, learning curves can be utilized.
Learning curve analysis can be useful for predicting expected work rates in
processes where output accountability is tracked [29]. In jobs with repetitive
tasks, learning curves (LC) can mathematically depict a worker’s performance
[28]. According to Jaber (2011), this method is deemed as an efficient tool to
monitor workers’ performance in repetitive tasks, leading to reduced process loss
due to the workers’ inability in the first production cycles as reported by several
studies (Argote, 1999; Dar-El, 2000; Salameh and Jaber, 2000; and Jaber et. al.,
2008)[28]. LCs can be applied for the allocation of tasks to workers according to
their learning profiles in order to control productive operations.

Other

applications of LCs include production planning, cost estimation and control,
resource allocation, lot sizing and product pricing [22]. This theory applies to
this research experiment because high performance with low mental effort is the
most efficient combination of cognitive capacity, which can result from the
theory of learning.

The learning curve theory will not be applied in this

theoretical framework; however, it is a factor that should be considered in future
studies that can provide more extensive production data to measure
performance.

2.5.3

Calculated Measures

According to Miller (2001) most performance measures have the ability to
estimate fluctuations in high levels of workload[12]. As cited by Cegarra and
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Chevalier (2008), studies have shown a correlation between poor performance in
the main task and the mental workload experienced by participants[11]. The
mental workload required in a given task can be assessed with performance
metrics, such as time taken, speed, or number of errors [11].

Bubb (2005)

defined human error probability (HEP) as the probability that a specific task
under observation was accomplished defective during a certain timeframe[30].
This work will use the HEP calculation as a measure of error. Mathematically,
HEP is expressed as follows:

HEP =

number of observed errors
number of the possibilites for an error

Galy, Cariou and Melan (2012) cite a study by Fournier, Wilson and Swain
(1999), in which evaluated subjects in a multi-tasking experiment and the
results revealed that performance decreased as workload increased, implying
that a decline in performance can be an indicator of MWL overload[31][32].
Therefore, the HEP metric should increase as MWL increases.

2.6

MULTIPLE RESOURCE THEORY
Multiple Resource Theory (MRT) is a predictive model that aids in

understanding an operator’s performance ability while multi-tasking in a
complex environment [33]. A complex environment refers to a task that has a
number of simultaneous activities which are time-shared [34].

When an

individual performs a task, each operation deploys mental processing resources
crucial to completing the task [35]. People are capable of multi-tasking until
task demands exceed available resources. According to MRT, the human mind
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can allocate several resources to task demands either individually or collectively
to include: visual, auditory, cognitive, motor, and speech. When task demands
overlap, fewer resources are available and MRT predicts that performance will
degrade. When multiple task require competing resources, this could lead to a
compromise in system safety and effectiveness. So, the primary value of the
MRT model is predicting relative differences in multitasking among varying
conditions[36].
MRT can predict performance breakdowns in high workload circumstances,
such as tasks that require an operator to perform two or more activities at one
time.

This model can make practical predictions relative to performance

breakdown regarding a human operator’s ability to accomplish tasks like driving
an automobile in traffic, a pilot landing an aircraft, or a secretary in a busy
office [33]. The most significant application of MRT is its ability to recommend
design or task changes when conditions of multitasking create resource overload
[36]. Examples of strategies for reducing resource overload include automating
parts of tasks, reassigning parts of a task to another operator, and changing task
procedures such that process steps are performed sequentially instead of
concurrent [5]. MRT uses four dimensions in the multiple resource model that
justifies the variance in time-sharing of performance and each dimension has two
discrete levels [33].

These dimensions are processing stages, perceptual

modalities, visual channels and processing codes. Wickens (2008) defines the
dimensions as follows[36]:

• Processing Stages: perceptual and cognitive tasks utilize different resources
from the selection and execution of tasks
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• Perceptual Modalities: auditory perception applies different resources than
visual perception
• Visual Channels: differentiates between focal and ambient vision; focal
vision supports object recognition, and ambient vision is responsible for
perception of orientation and movement
• Processing Codes:

spatial activity employs different resources than

verbal/linguistic activity

MRT is important to this research because it provides a model to evaluate the
various mental resources for different conditions in the manufacturing system.

2.7

COGNITIVE ERGONOMICS
Ergonomics, as cited [37], “promotes a holistic, human-centered approach to

work systems design that considers the physical, cognitive, social, organizational,
environmental and other relevant factors (Grandjean, 1986,; Wilson and Corlett,
1995; Sanders and McCormic, 1993; Chapaniz, 1995, 1999; Salvendy, 1997;
Karwowski, 2001; Vicente, 2004; Stanton et al., 2004)”. In addition, Coelho
(2011) defines ergonomics as the scientific discipline involved with understanding
the interactions with humans and other components of a system, and this
profession applies theoretical principles, data and methods to design an
optimized system for the well-being of the human and system performance[38].
There are three domains within the ergonomic discipline: physical, cognitive and
organizational.

This research will focus on the cognitive demands of an

operator’s performance.
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Cognitive ergonomics deals with the interaction between tools and the user,
emphasizing the cognitive processes of understanding, reasoning, and the use of
knowledge [39]. It is the ergonomics of mental processes to improve operator
performance. Cognitive ergonomics is concerned with the psychological aspects
of work, both in how work affects the mind and how the mind affects work [40].
This concept focuses on finding a balance between the human’s cognitive
abilities and limitations, as well as the machine, task and environment [41]. This
can lead to a reduction in errors and better performance in the manufacturing
domain. Cognitive ergonomics focuses on the quality of work, including the
outcome, versus traditional or physical ergonomics looking at the quality of
working [40]. Traditional ergonomics focused on reducing operator fatigue and
discomforts in efforts to increase throughput. However, the nature of human
work has changed dramatically from working with the body to working more
with the mind as industrial systems have become more automated.

The

increased responsibility of technology along with the use of complex procedures
have imposed more demand on operators [13]. Instead of physical endurance,
sustained attention has become more important. Rather than physical strength,
there is a greater need for problem solving skills. In place of physical dexterity,
reasoning has become more significant. Also, physically demanding work that is
performed simultaneously with a cognitive task can influence mental workload
by weakening mental processing or decreasing performance[7].

Therefore, in

order to improve human system design for performance in manufacturing, the
system design should include cognitive ergonomics in order to evaluate the
cognitive elements of a task.
Two ergonomic methods that can be used to evaluate the cognitive elements
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in human system design are a Cognitive Work Analysis (CWA) and Applied
Cognitive Task Analysis (ACTA). A CWA is a structured approach that
systematically

moves

from

analyzing

mental

demands

to

identifying

visualizations and the decision-aiding concepts that will provide effective
support to understanding the cognitive work [42]. The CWA approach can be
used to describe the functional properties of the work domain under analysis,
the nature of tasks that are conducted within the system, the roles of the
different actors residing within the system, and the cognitive skills and strategies
that they use to conduct activity within the system [13]. The CWA is composed
of five different phases, which models different constraint sets: work domain
analysis (WDA), control task analysis, strategies analysis, social organization
and co-operation analysis (SOCA) and worker competencies analysis. The WDA
phase models the system based on its purposes and the limitations enforced by
the environment. A control task analysis is utilized to identify the tasks within
the system and the constraints imposed on these tasks under various situations.
The strategies analysis is used to see how different activities can be
accomplished. In order to determine how social and technical factors can work
in unison to enhance a system performance, the SOCA is used to identify how
activity and its associated strategies can be distributed amongst human
operators. The worker competencies analysis pinpoints the competencies that an
ideal worker should display by addressing the strengths and weaknesses of the
human operator in relation to the systems design.
The ACTA provides techniques, which can be used to analyze the mental
demands required for a particular task.

This methodology, compared to

traditional task analysis, is most appropriate in exploring complex domains [43].
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There are seven steps to the ACTA process (Figure 2.4), which are made up of
four different methods: task diagram interview, knowledge audit interview,
simulation interview and the cognitive demands table.

Figure 2.4: ACTA Process Steps
Step 1 is to select and define the task to be analyzed. Next, in step 2, the
correct set of SMEs should be identified. During step 3, the task should be
observed by the analyst in order to understand the participant roles all through
the task. Step 4 is the task diagram interview, which provides the analyst with
an in depth overview of the task that is being analyzed. During this process, the
tasks that are highly challenging are highlighted. A diagram should be created
to illustrate the task steps that require the most cognitive skills. In step 5, the
knowledge audit interview draws attention to the tasks that require expertise.
The subject matter expert (SME) is questioned for specific examples within the
context of the task, critical cues and decision-making strategies.

Next, the

simulation interview (step 6) takes place while the task under analysis is being
performed. The SME is probed on the cognitive processes relative to issues like
situation awareness, and potential errors. Lastly (step 7), the cognitive demands
table assimilates the data obtained from the task diagram, knowledge audit and
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simulation interviews into one organized format.
In summary, collecting the appropriate information and presenting it in the
right format is important to effectively analyze the cognitive requirements for a
successful human system design. Therefore, the ACTA model will be utilized to
understand the cognitive elements of the task in order to accurately apply the
MRT rating scale in the Improved Performance Research Integration Tool
(IMPRINT).

2.8

IMPROVED PERFORMANCE RESEARCH
INTEGRATION TOOL
The Improved Performance Research Integration Tool (IMPRINT) is a

human performance modeling approach, which is a computer-based discrete
event simulation tool that can predict mental workload.

It has analytical

capabilities to include “human versus system function allocation, mission
effectiveness modeling, maintenance manpower determination, mental workload
estimation, prediction of human performance under extreme conditions and
assessment of performance as a function of varying personnel skills and abilities”
[44].

This tool was developed by the Human Research and Engineering

Directorate (HRED) of the United States Army Research Laboratory (ARL).
IMPRINT’s primary domain has been in the military sector [45][46][47][48];
however, this research will extend the use of the tool in the civilian
manufacturing sector. IMPRINT models different scenarios allowing the human
capability to be studied relative to MWL predictions, in order to develop an
effective human-system design that uses the optimal range of mental resources.
Discrete events, with their estimated task times, and MRT ratings, for
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associated mental resources, are the simulation inputs. IMPRINT has a MWL
element that defines workload relative to the MRT dimensions [36]. With this
information (Figure 2.5), IMPRINT can formulate MWL predictions for varying
task/design combinations.

Figure 2.5: IMPRINT Simulation Inputs and Output
IMPRINT does not provide guidance on how to mitigate mental overload to
improve the system. So, the aim of this experiment is to assess various scenarios
based upon the IMPRINT predictions in order to improve the human-system
design. Based upon these predictions, the mental resource demands of these
various scenarios will be mapped to the associated MRT ratings in IMPRINT
for development of mitigation strategies.

2.9

HIERARCHICAL TASK ANALYSIS
The Hierarchical Task Analysis (HTA) provides inputs for the ACTA,

Workload Profile, NASA-TLX and IMPRINT. It is a step-by-step methodology
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to describing a task or system, and the task or system can be analyzed to any
required level of detail.

The HTA works by decomposing systems into a

hierarchy of goals, sub-ordinate goals, operations and plans; it focuses on what
the operator is required to do in terms of actions and/or cognitive processes to
achieve a system goal [49]. The HTA specifies the overall goal of a particular
system, the sub-goals to be undertaken to achieve this goal, the operations
required to achieve each of the sub-goals specified and the plans, which are used
to ensure that the goals are achieved [49]. It is a simplistic process that involves
studying the task or system through observation,

surveys,

interviews,

walkthroughs, and user trials to name a few. The data from these studies is then
used to breakdown and describe the goals and sub-goals involved. The process of
developing the HTA enables the analyst to deeply understand the task or
system.

The output of a HTA is extremely useful and forms the input for

numerous human factors analyses, such as error analysis, interface design and
evaluation and allocation of function analysis [13]. Therefore, an HTA will be
used to understand and examine the manufacturing process in order to provide
inputs for the workload model.
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3

OBJECTIVES

The aim of this research is to explore the theory of cognitive ergonomics, in
conjunction with mental workload applications to evaluate operator MWL
resources in manufacturing operations, which require repetitive tasks, in efforts
to improve operator performance and human-system design. There are three
objectives to achieve this goal:

1. To develop and test a framework to effectively examine MWL in
manufacturing for repetitive task operations
2. To use IMPRINT MWL predictions, in order to assist with identifying any
mental overload conditions
3. To design and implement a mitigation strategy for any overload conditions
using MRT mapping for process modifications
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4

HYPOTHESIS

This work is composed of a primary and secondary hypothesis (Table 4.1).
The primary hypothesis is that all of the MWL measures will indicate the same
trend in results, showing a correlation amongst the measures for each task
difficulty level. The aim of the primary hypothesis is to validate the proposed
framework.

The secondary hypothesis seeks to determine if there is a

relationship between performance and MWL in manufacturing operations that
require multitasking and repetitive tasks. Therefore, the secondary hypothesis is
that there is a relationship between performance and MWL in manufacturing
operations that require repetitive tasks and multitasking.
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Table 4.1: Research Questions and Hypothesis
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5

5.1

REDUCING MENTAL WORKLOAD
RESOURCES IN HUMAN SYSTEMS
DESIGN FOR MANUFACTURING
OPERATIONS

ABSTRACT
Manufacturing is a human-driven process that applies energy and

manpower to produce consumer goods.

In repetitive motion operations like

manufacturing systems, optimal performance is extremely important for the
production employee and the company.

In the general fast pace of

manufacturing operations, there is the potential for operator errors, which
correlates to possible safety issues and loss of revenue. This research explores the
influence of cognitive resources on operator performance in manufacturing
operations using Multiple Resource Theory and mental workload measures.
Simulation and modeling with Improved Performance Research Integration Tool
(IMPRINT) was used to assess mental workload resources to improve human
system design for performance improvement of the shop floor employee.

As

manufacturing operations become more complex, these models can be used to
provide recommendations for operator mental workload reduction.
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5.2

INTRODUCTION
Manufacturing is a human-driven transformation process that applies

energy and manpower to produce consumer products of economic value [50].
Therefore, in repetitive motion operations like manufacturing systems, optimal
performance is extremely important for the production employee and the
company. Performance optimization influences safety in the environment and
profitability. In the general fast pace of manufacturing operations, there is the
potential for operator errors, which correlates to possible safety issues and loss of
revenue.

Therefore, the area of manufacturing is moving away from

forced-focused activity to cognitive control activity. Cognitive control activity
applies cognitive ergonomics, which studies processes during work with a
concentration in understanding a situation to support reliable, effective and
satisfactory performance [51].

It evaluates problems relative to attention

distribution, decision making, the formation of learning skills, usability of
human-computer systems, cognitive aspects of mental load, stress and human
errors at work [51]. The aim of this research is to explore the theory of cognitive
ergonomics, in conjunction with mental workload (MWL) applications to reduce
operator MWL resources in manufacturing operations that require repetitive
motions in efforts to improve operator performance and human-system design in
manufacturing. This is important because MWL can have an immediate impact
on operator performance by causing slower task performance and errors. As
cited by Xie and Salvendy [6], optimizing the allocation of operator mental
workload could reduce human errors,

improve system safety,

increase

productivity and increase operator satisfaction. This paper proposes a general
framework to analyze mental workload in manufacturing operations for
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repetitive motion tasks. The framework models the mental resources associated
with workload during task performance. A pilot study is performed to test the
model.

5.3

BACKGROUND

5.3.1

Mental Workload

The assessment of mental workload is an important aspect in the design and
evaluation of occupational tasks [7]. The interaction between an operator and an
assigned task is an important measurement because it provides awareness as to
where increased task demands could lead to a negative impact on human
performance.

Regulating task demands, such that the operator is neither

under-loaded nor overloaded, can increase safety, health, comfort and long-range
productivity [9]. Therefore, mental workload has a direct effect on an operator’s
ability to sustain or reach desired performance levels [6]. As cited by Jung and
Jung [10], the concept of mental workload is associated with the difference
between the amount of resources available by a person and the amount of
resources needed for the task.

Hence, mental workload can be altered by

changing the amount of resources available within the person or the demands
required by the task on the operator. This experiment utilizes the Multiple
Resource Theory (MRT) to understand the demands required by the task on the
operator.

5.3.2

Multiple Resource Theory

Multiple Resource Theory (MRT) is a predictive model that aids in
understanding an operator’s performance ability while multi-tasking in a
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complex environment [33]. A complex environment refers to a task that has a
number of simultaneous activities which are time-shared[34]. People are capable
of multi-tasking until task demands exceed available resources. According to
MRT, the human mind can allocate several resources to task demands either
individually or collectively to include: visual, auditory, cognitive, motor, and
speech. When task demands overlap, fewer resources are available and MRT
predicts that performance will degrade when multiple task require competing
resources, which could lead to a compromise in system safety and effectiveness.
So, the primary value of the MRT model is predicting relative differences in
multitasking among varying conditions [36].

MRT can predict performance

breakdowns in high workload circumstances, such as tasks that require an
operator to perform two or more activities at one time. This model can make
practical predictions relative to performance breakdown regarding a human
operator’s ability to accomplish tasks like driving an automobile in heavy traffic,
a pilot landing an aircraft, or a secretary in a busy office [33].

The most

significant application of MRT is its ability to recommend design changes when
conditions of multitasking create resource overload [36]. MRT is important to
this research because it provides a model to evaluate the various mental
resources for different conditions in the manufacturing system.

5.3.3

Cognitive Ergonomics

Ergonomics,

as

cited

by

Karwowski

[37],

“promotes

a

holistic,

human-centered approach to work systems design that considers the physical,
cognitive, social, organizational, environmental and other relevant factors”. In
addition, Coelho[38] defines ergonomics as the scientific discipline involved with
understanding the interactions with humans and other components of a system,
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and this profession applies theoretical principles, data and methods to design an
optimized system for the well-being of the human and system performance.
There are three domains within the ergonomic discipline: physical, cognitive and
organizational.

This research will focus on the cognitive demands of an

operator’s performance.

Cognitive Ergonomics is the ergonomics of mental

processes to improve operator performance. This concept focuses on finding a
balance between the human’s cognitive abilities and limitations, as well as the
machine, task and environment[41]. This can lead to a reduction in errors and
better performance in the manufacturing domain. Cognitive ergonomics focuses
on the quality of work, including the outcome, versus traditional or physical
ergonomics looking at the quality of working [40].

Traditional ergonomics

focused on reducing operator fatigue and discomforts in efforts to increase
throughput. However, the nature of human work has changed dramatically from
working with the body to working more with the mind as industrial systems
have become more automated.

Instead of physical endurance, sustained

attention has become more important. Rather than physical strength, there is a
greater need for problem solving skills. In place of physical dexterity, reasoning
has become more significant. Also, physically demanding work that is performed
simultaneously with a cognitive task can influence mental workload by
weakening mental processing or decreasing performance [7]. Therefore, in order
to improve human system design for performance in manufacturing, the system
design should include cognitive ergonomics in order to evaluate the cognitive
elements of a task.

This research uses an Applied Cognitive Task Analysis

(ACTA) model to examine the cognitive elements of the task under evaluation.
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5.3.4

Applied Cognitive Task Analysis

An Applied Cognitive Task Analysis (ACTA) can be used to evaluate the
cognition elements in human system design. The ACTA provides techniques,
which can be used to analyze the mental demands required for a particular task.
This methodology, compared to traditional task analysis, is most appropriate
in exploring complex domains [43]. The ACTA is made up of four methods:
task diagram interview, knowledge audit interview, simulation interview and the
cognitive demands table. These ACTA techniques were established to develop
techniques that would enable system designers to draw critical cognitive elements
from Subject Matter Experts (SMEs) [52]. ACTA has been applied in various
domains as cited [53][43][54]. There are seven steps to the ACTA process (Figure
5.1):

Figure 5.1: Applied Cognitive Task Analysis Process Steps
Step one defines the task that will be analyzed.

Next, the necessary

participants or SMEs for the study should be identified. The third step involves
observing the task to understand the role of the participants. Step four is to
perform a task diagram interview. The task diagram interview provides the
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analyst with an in depth overview of the task that is being analyzed. During
this process, the tasks that are highly challenging are highlighted. A diagram
should be created to illustrate the task steps that require the most cognitive
skills.

Next, in step five, the knowledge audit interview is conducted.

The

knowledge audit interview draws attention to the tasks that require expertise.
The SME is questioned for specific examples within the context of the task,
critical cues and decision-making strategies. The simulation interview is carried
out in step six.

The simulation interview takes place while the task under

analysis is being performed.

The SME is probed on the cognitive processes

relative to issues like situation awareness, and potential errors. The final step is
step eight, which is to build the cognitive demand table. The cognitive demands
table assimilates the data obtained from the task diagram, knowledge audit and
simulation interviews into one organized format. The ACTA model is utilized to
understand the cognitive elements of the task in order to accurately apply MRT.

5.3.5

Improved Performance Research Tool (IMPRINT)

The Improved Performance Research Integration Tool (IMPRINT) is a
human performance modeling approach, which is a computer-based discrete
event simulation tool that can predict mental workload.

It has analytical

capabilities to include “human versus system function allocation, mission
effectiveness modeling, maintenance manpower determination, mental workload
estimation, prediction of human performance under extreme conditions and
assessment of performance as a function of varying personnel skills and abilities”
[44].

This tool was developed by the Human Research and Engineering

Directorate (HRED) of the United States Army Research Laboratory (ARL).
IMPRINT’s primary domain has been in the military sector[35][46][47][48];
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however, this research will extend the use of the tool in the civilian
manufacturing sector.
IMPRINT models different scenarios allowing the human capability to be
studied relative to MWL predictions, in order to develop an effective
human-system design that uses the optimal range of mental resources. Discrete
events, with their estimated task times, and MRT ratings, for associated mental
resources, are the simulation inputs.

With this information, IMPRINT can

formulate MWL predictions for varying task/design combinations. IMPRINT
does not provide guidance on how to mitigate mental overload to improve the
system. So, the aim of this experiment is to model various scenarios based upon
the IMPRINT predictions in order to improve the human-system design. Based
upon these predictions, studies will be ran to mitigate any overload conditions
and map the mental resources back to MRT.

5.4

OBJECTIVES
The goal of this research is to explore the theory of cognitive ergonomics, in

conjunction with mental workload applications to reduce operator MWL
resources in manufacturing operations, which require repetitive motions, in
efforts to improve operator performance and human-system design in
manufacturing.

There are three objectives to achieve this goal.

The first

objective is to develop and test a framework to effectively examine MWL in
manufacturing for repetitive motion operations. The second objective is to use
IMPRINT MWL predictions, in order to assist with identifying any mental
overload conditions. The third objective is to mitigate any overload conditions
using MRT mapping for process modifications.
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5.5

METHODOLOGY
A framework was applied in the medical device domain for the production

of a medical surgical implant for humans. After the parts are laser welded, they
go through post processing to clean and check the quality specifications of the
devices. This is a repetitive process, such that the same procedure must be
followed every cycle. For this study, a segment of the process was analyzed: part
cleaning.

Process steps for parts cleaning include mixing acids for proper

formulation, dipping parts in chemicals and monitoring equipment settings to
track proper processing times. To study the manufacturing system, experienced
real-world process operators that regularly perform the part cleaning process
were used in on-site interviews and process walkthroughs for data collection to
test the framework.
There are five primary steps to the framework: study the manufacturing
system, apply MRT, predict MWL, reduce task overload and revise job variation.
In step 1, the manufacturing operation is studied to gain knowledge and insight of
the system. A Hierarchical Task Analysis (HTA) is performed to understand the
task activity under analysis. Next, an Applied Cognitive Task Analysis (ACTA) is
used to evaluate the cognition elements in the human system design (Appendix B).
The HTA and ACTA collectively define the process steps and cognitive elements,
which are used as discrete events in IMPRINT. During step 2, MRT is applied
using the scale in IMPRINT to assess the mental resources utilized in completion of
the process task’s discrete events. This step provides MRT ratings for each discrete
event identified in step 1; these ratings are inputs for IMPRINT. In the next step,
mental workload is measured by simulating the process in IMPRINT. The discrete
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events, with their estimated task times, and MRT ratings, for associated mental
resources, are the simulation inputs. With this data (Figure 5.2), IMPRINT
outputs the workload predictions and provides a workload profile for the defined
task.

Figure 5.2: IMPRINT Simulation Inputs and Output
If there is a MWL overload, an analysis using MRT will be done to determine
the attribution of mental resources that correlate to the mental overload. (If a
mental overload condition is not measured this will end the process.) In the event
of a mental overload situation, the manufacturing system is modified based on
the MRT principles to reduce the resources contributing to the mental overload,
and the MRT is applied again to compare the modified system resources to the
baseline. And, once again, the MWL is measured using IMPRINT. This loop will
continue until an optimal solution range is determined. Once an optimal range
is achieved, a different variations of job sequencing is tested on the shop floor.
The different job variations and its associated load will be documented to create
a cognitive ergonomic index for quick reference.
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The following flowchart (Figure 5.3 illustrates the research framework and
approach for this study:

Figure 5.3: Research Framework

5.6

RESULTS
The mental resource values of for this study were mapped using the MRT

rating scale as defined in IMPRINT. Figure 5.4 shows the resource usage for this
process. The pie chart illustrates that the fine motor and visual demands are both
higher than cognitive demands for this task. Only 1% of the task demands are
associated with auditory cues and 2% with gross motor demands.
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Figure 5.4: MRT Mapping
The workload profile output from IMPRINT is as follows:

Figure 5.5: Process Workload Profile

The workload threshold index for the simulation is 60, meaning any workload
over 60 could potentially create an overload condition. The simulation results
(Figure 5.5) indicate that the operator did not experience an overload at any
point while performing the task. Therefore, this ends the process according to the
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proposed methodology, because there is not an overload to mitigate. However,
to evaluate this process further, we chose to simulate it under time compression
by combining cleaning inspection tasks. The process was simulated with two
different conditions: three tasks overlapped with a reduction of 8 seconds in the
overall process and two tasks overlapped with a reduction of 4 seconds in the
overall process. The load was manipulated at 2 minutes and 2 seconds into the
simulation. Given the task overlap and time reduction, IMPRINT predicts the
following workload profiles (Figures 5.6 and 5.7):

Figure 5.6: Two-Task Overlap Workload Profile
The workload profile of the compressed process indicates that combining
two of the inspection tasks (Figure 5.6) will not create a mental overload for the
operator; IMPRINT predicts a workload value of 40.

However, when three

inspection tasks were overlapped (Figure 5.7), an overload was predicted at 2
minutes and 2 seconds in the simulation with a value of 120, which could
potentially cause process errors or safety issues.
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Figure 5.7: Three-Task Overlap Workload Profile

5.7

CONCLUSION
In this paper, a methodology to evaluate mental workload in manufacturing

operations was presented. A pilot test was conducted in the medical device
domain to test the framework. The results predict that overlapping more than
two inspection tasks during the cleaning process would be unmanageable by the
operator, because three task overlap experienced a workload value of 120, which
exceeded the threshold value of 60. Meaning any workload value over or near 60
could potentially provide the operator a state of high load, which possibly
cannot be performed effectively [8][45].

The findings demonstrate that the

proposed framework could be used during design and set-up stages of a process
to construct better operations in efforts to reduce mental overload for the
operator in repetitive motion tasks. When looking at the results of this pilot
study, this model can be valuable for understanding operator MWL resources in
human-machine design for capacity planning of process set-up for a system that
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is not built and modifications for an existing system to improve the design of
modern manufacturing processes that require more cognitive demands.

This

work can be expanded by adding performance measures and workload
assessments to the proposed framework for further validation.

Subjective

workload assessment techniques and psychological measures can be used to
validate the simulation results. As cited by Bommer and Fendley [14], subjective
measures, which are based upon the judgment of the operator, have been widely
used to assess mental workload, because these measurement tools have proven to
be valid and reliable. In order to gather the physiological data to support the
workload subjective measures, eye tracking will be utilized in further studies.
Also, more studies will need to be conducted to validate the appropriate MWL
threshold by analyzing where increased task demands degrade performance.
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6

6.1

A THEORETICAL FRAMEWORK FOR
EVALUATING MENTAL WORKLOAD
RESOURCES IN HUMAN SYSTEMS
DESIGN FOR MANUFACTURING
OPERATIONS

ABSTRACT
As the nature of manufacturing work is changing, requiring more cognitive

demands, there is a need to develop system models for measuring and predicting
human performance in repetitive task operations.

This paper presents a

theoretical framework, which provides a systematic approach for measuring
mental workload using a combination of analytical and empirical techniques:
human performance modeling with a computer simulation and mathematical
modeling, along with physiological, subjective and performance measures. For
this study, the Air Force Multi-Attribute Task Battery Software (MATB)
software was used to model multitasking in a controlled environment to validate
the theoretical framework. The independent variable of task complexity was
measured, in the modeling of resource demands for a cleaning-inspection process
and a final inspection process, using three dependent variables (subjective,
physiological and performance measures) with a total of four responses
(NASA-TLX, Workload Profile, fixation duration and human error probability).
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The results indicate no significant difference among the response variables for
each task complexity level, indicating the model accurately represents the
operator’s workload. Additional analysis shows accurate predication from the
model in analyzing workload peaks.

6.2

INTRODUCTION
Manufacturing is a human-driven transformation process that applies

energy and manpower to produce consumer products of economic value [50]. In
repetitive task operations like manufacturing systems, performance optimization
influences safety in the environment and profitability. In the general fast pace of
manufacturing operations, there is the potential for operator errors, which
correlates to possible safety issues and loss of revenue. For example, an assembly
worker performing a manual assembly task is constantly exposed to situations
with varying mental demands. Aspects of these demands to consider are the
amount of information, time pressure, interruptions, rapid decisions, component
batch sizes and the work station physical layout [1]. A high workload task that
can encompass each of these aspects is that of inspection. The traditional role of
quality inspectors is changing from dedicated quality inspectors to operators
who perform multiple duties while attempting to perform inspection tasks [55].
This transforms the task from a sequential task to one of multitasking.
Multitasking is becoming more prevalent in manufacturing operations.
There is a large body of literature on physical ergonomics for process
improvements, but limited studies on cognitive ergonomics relative to mental
workload (MWL) in manufacturing. Cognitive ergonomics focuses on the quality
of work, including the outcome, versus traditional or physical ergonomics
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looking at the quality of working [40].

Traditional ergonomics focused on

reducing operator fatigue and discomforts in efforts to increase throughput.
However, the nature of human work has changed dramatically from working
with the body to working more with the mind as industrial systems have become
more automated. Also, the increased responsibility of technology along with the
use of complex procedures have imposed more demand on operators [13].
Instead of physical endurance and strength, sustained attention and problem
solving skills have become more important. Also, physically demanding work
that is performed simultaneously with a cognitive task can influence mental
workload by weakening mental processing or decreasing performance [7].
Therefore, in order to improve human systems design for performance in
manufacturing, the system design should include cognitive ergonomics in order
to evaluate the cognitive elements of a task. As a result, the aim of this research
is to explore the theory of cognitive ergonomics in manufacturing operations
that require repetitive tasks. A theoretical framework, using a combination of
analytical and empirical techniques,

is proposed to improve operator

performance and human-system design through the use of mental workload
applications to adjust operator mental workload utilization. This study uses the
Air Force MATB (Section 6.4.8) simulated environment to test the theoretical
framework. MATB is a program of general piloting tasks that was originally
developed by NASA to evaluate human performance for multi-tasking scenarios.
The structure of this paper is as follows: Section 6.3 discusses theory relative to
creating the theoretical framework.

Section 6.4 reviews the experimental

framework and methodology. Section 6.5 presents the research findings. Lastly,
section 6.6 presents the conclusion and discussion.
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6.3

THEORY
The following concepts of Cognitive Ergonomics, Mental Workload (MWL)

and the Multiple Resource Theory (MRT) offer useful information for exploring
mental workload applications in manufacturing operations. Each of these topics
are inputs into the theoretical framework presented here.

6.3.1

Cognitive Ergonomics

Cognitive ergonomics studies processes during work with a concentration in
understanding a situation to support reliable, effective and satisfactory
performance [51].

It evaluates problems relative to attention distribution,

decision making, formation of learning skills, usability of human-computer
systems, cognitive aspects of mental load, stress and human errors at work [51].
Numerically controlled machines, group technology, cellular manufacturing and
Just-In-Time production systems have revolutionized the manner in which
products are designed and manufactured; these advances have transformed the
role of the human operator in the manufacturing environment [55]. Cognitive
ergonomics deals with the interaction between tools and the user, emphasizing
the cognitive processes of understanding, reasoning, and the use of knowledge
[39]. It is the ergonomics of mental processes to improve operator performance
by understanding how work affects the mind and how the mind affects work [40].
This concept focuses on finding a balance between the human’s cognitive
abilities and limitations, as well as the machine, task and environment [41]. This
can lead to a reduction in errors and better performance in the manufacturing
domain. The application of cognitive ergonomics in manufacturing operations is
important because the nature of human work in manufacturing has changed
considerably from working with the body to working more with the mind with
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the implementation of more automation and complex process procedures.

6.3.2

Mental Workload

With repetitive task operations, there is interaction between the operator
and an assigned task; this is referred to as mental workload (MWL) or simply
‘workload’. This is an important measurement because it provides awareness as
to where unacceptable performance may result from an increase in task
demands. The demands on a task or grouping of tasks may include completing
physical actions and/or executing cognitive tasks [4]. Mental workload describes
the demands of tasks, that require the limited information processing capability
of the brain, in much of the same way that physical workload characterizes the
energy demand upon the muscles [5]. The assessment of mental workload is an
important aspect in the design and evaluation of occupational tasks [7]. The
interaction between an operator and an assigned task is an important
measurement because it provides awareness as to where increased task demands
could lead to a negative impact on human performance. Also, workload rises
when the number or difficulty of tasks required to complete a goal increases, or
when the times allocated for task completion decreases [8].

Regulating task

demands, such that the operator is neither under-loaded nor overloaded, can
increase safety, health, comfort and long-range productivity [9], because high
cognitive load for pro-longed periods can lead to inefficient processes, poor
performance as well as ergonomic and mental health symptoms [1]. Therefore,
mental workload has a direct effect on an operator’s ability to sustain or reach
desired performance levels [6]. As cited by Jung & Jung (2001), the concept of
MWL is associated with the difference between the amount of resources available
to a person and the amount of resources needed for the task[10]. At the point
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when task demands exceed operator capacity, high levels of MWL occur [56].
The workload can be modified by adjusting available resources within the
person, or the required task demands on the operator.

The next section

discusses the application of the Multiple Resource Theory to predict mental
resources and demand usage while performing tasks.

6.3.3

Multiple Resource Theory (MRT)

Multiple Resource Theory provides a predictive model to better understand
the relationship between resources and demands while multi-tasking in a
complex environment [33]. When an individual performs a task, they expend
mental operations, and to some extent, each operation deploys mental processing
resources crucial to completing the task [35]. People are capable of multi-tasking
until task demands exceed available resources. In order to provide safe and
efficient operations of complex systems, the mental workload required by the
users should not exceed their capacity [57]. According to MRT, the human mind
can allocate several resources to task demands either individually or collectively
to include: visual, auditory, cognitive, motor, and speech. When task demands
overlap, fewer resources are available and MRT predicts that performance will
degrade when multiple tasks require competing resources. This could lead to a
compromise in system safety and effectiveness.
MRT can predict performance breakdowns in high workload circumstances,
such as tasks that require an operator to perform two or more activities at one
time.

This model can make practical predictions relative to performance

breakdown regarding a human operator’s ability to accomplish tasks [33]. A
significant application of MRT, and one employed in this study, is its ability to
recommend design or task changes when conditions of multitasking create
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resource overload [36].

Examples of reducing resource overload may include

automating parts of tasks, reassigning parts of a task to another operator, or
changing task procedures such that process steps are performed sequentially
instead of concurrently [5]. MRT uses four dimensions in the multiple resource
model that justifies the variance in time-sharing of performance, and each
dimension has two discrete levels [33]. These dimensions are processing stages,
perceptual modalities, visual channels and processing codes. Wickens (2008)
defines the dimensions as follows[36]:

1. Processing Stages: perceptual and cognitive tasks utilize different resources
from the selection and execution of tasks,
2. Perceptual Modalities: auditory perception applies different resources than
visual perception,
3. Visual Channels: differentiates between focal and ambient vision; focal
vision supports object recognition, and ambient vision is responsible for
perception of orientation and movement,
4. Processing Codes:

spatial activity employs different resources than

verbal/linguistic activity.

MRT is applied to this research by providing a model to evaluate the various
mental resources for different conditions in the manufacturing system.
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6.4

METHODOLOGY

6.4.1

Theoretical Framework

The theoretical framework is made up of six primary steps (Figure 6.1). In
step 1, the manufacturing operation is studied to gain knowledge and insight of
the system.

Tools used for this assessment are an Applied Cognitive Task

Analysis (ACTA) and Hierarchical Task Analysis (HTA). Next, Multiple
Resource Theory (MRT) is applied in step 2 to assess the mental resources
utilized to complete the process tasks.
deployed in Step 3.

Simulation modeling (IMPRINT) is

Step 4 measures mental workload using subjective,

performance and physiological measures. During step 5, the data from Steps 3
and 4 is analyzed to determine the MWL condition (i.e.

overloaded or

under-loaded). If there is a MWL overload, an analysis using MRT will be done
to determine the attribution of mental resources that correlate to the mental
overload and/or performance errors.

(If a mental overload condition is not

measured, the process can end.) In the event of a mental overload situation, the
manufacturing system can be modified (step 6) based on the MRT principles to
reduce the resources contributing to the mental overload, and the MRT will be
applied again to compare the modified system resources to the baseline.
Likewise, for capacity planning, if an under-loaded condition exists, the process
can be modified and mapped back to MRT. Once again, the MWL is measured.
This loop continues until an optimal workload range is obtained. Mitchell (2000)
defines “optimal” workload as “a situation in which the operator feels
comfortable, can manage task demands intelligently, and maintain good
performance (Hart, 1991, p.3)”[58].
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Figure 6.1: Theoretical Framework for Evaluating MWL

6.4.2

MWL Inputs

Mental workload is the dependent variable that is measured in this study.
There are three main methods for measuring MWL: subjective, physiological
and performance related[11][12][31]. However, no method can perfectly measure
MWL by itself [11], therefore, this study utilizes all three methods to increase
the theoretical framework’s diagnosticity of MWL.

6.4.3

Subjective Workload Measures

Subjective workload measures are mostly question-answer type responses to
varying levels of workload. These measures involve asking participants to offer
their judgment on the cognitive effort required to complete a task after it has
been performed [11][13]. This method is relatively non-intrusive, typically easy
to implement and has gained significant theoretical support for its ability to
provide sensitive measures of operator load [9].

As cited by Bommer and

Fendley (2015), subjective measures, which are based upon the judgment of the
operator, have been widely used to assess mental workload, because these
measurement tools have proven to be valid and reliable[14]. In the Bommer and
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Fendley (2015) study, two subjective measures were used to measure MWL and
both scales showed the same trend for MWL assessment[14].

Similarly, two

subjective mental workload techniques will be applied in this research: National
Aeronautics and Space Administration – Task Load Index (NASA-TLX) and the
Workload Profile.

National Aeronautics And Space Administration – Task Load Index

NASA-TLX is a subjective MWL assessment tool; it is the most commonly
applied MWL assessment tool. It has been used in numerous domains including
civil and military aviation, driving, nuclear, power plant control room operation
and air traffic control and cited in previous studies, like [15][17][16]. It is “being
used as a benchmark against which the efficacies of other measures, theories or
models are judged” [18]. The NASA-TLX uses a multi-dimensional scale to
measure operator task performance, which consists of six subscales [13]: mental
demand, physical demand, temporal demand, effort, performance and frustration
level.

Workload Profile

The Workload Profile (WP) is a multidimensional subjective workload
assessment instrument that is based on the multiple resource model proposed by
Wickens (1987) [13][19][9]. This assessment tool uses data from eight dimensions
on the demands imposed by a task: perceptual/central processing, response
selection execution, spatial processing, verbal processing, visual processing,
auditory processing, manual output and speech output. This method provides
an overall rating for each task as well as a rating for each of the workload
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dimensions. It uses a rating scale from 0 to 1 for each of the MWL dimensions.
These multidimensional ratings should provide a good representation of MWL in
order to diagnose the manner in which the task is demanding [19]. The workload
profile method is the second subjective measure tool used in this research
because it is based upon the sound underpinning theory of MRT, which is
discussed in Section 2.3.2.

6.4.4

Physiological Workload Measures

Physiological workload measures are applied largely to the continuous
measurement of physical responses of the human body [12]. An advantage of
these measures is they are not obtrusive into the primary-task performance, but
depending upon the collection method there may be a degree of physical
constraint imposed [5]. The use of this measurement technique as an indicator of
MWL is based upon the assumption that as task demand increases, changes in
various participant physical responses are noticeable [13].

These physical

responses can be measured with various bodily activity:

cardiac, brain,

respiratory, speech measures, and eye. Eye activity, specifically fixation duration,
will be used to evaluate performance in this test environment. Fixations are
moments when the eyes are relatively stationary, and is a measure of the amount
of time the eye looks at a selected object [12]. When visual processing demands
are high, operators tend to fixate longer [59]. So, increased fixation duration can
be interpreted as an indicator of increased mental workload.
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6.4.5

Performance

According to Miller (2001) most performance measures have the ability to
estimate fluctuations in high levels of workload[12]. As cited by Cegarra and
Chevalier (2008), studies have shown a correlation between poor performance in
the main task and the mental workload experienced by participants[11]. The
mental workload required in a given task can be assessed with performance
metrics, such as time taken, speed, or number of errors [11].

Bubb (2005)

defined human error probability (HEP) as the probability that a specific task
under observation was accomplished defectively during a certain timeframe[30].
This experiment will use the HEP calculation as a measure of error.
Mathematically, HEP is expressed as follows:

HEP =

number of observed errors
number of the possibilites for an error

This study uses the Air Force MATB (Section 6.4.8) simulated environment to
test the theoretical framework. The MATB simulation tracks performance errors
and accuracy for each task. The experiment will focus on the system monitoring
events as the measure of performance. This task was chosen because it has the
largest number of scripted stimuli in the overall system. The number of incorrect
responses to the stimuli divided by the number of total possible correct responses
will be calculated for each subject.

6.4.6

Human Performance Modeling Approach

This research utilizes the Improved Performance Research Integration Tool
(IMPRINT) as a human performance modeling tool using discrete event
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simulation to predict mental workload. This tool was developed by the Human
Research and Engineering Directorate (HRED) of the United States Army
Research Laboratory (ARL) to evaluate human-system function allocation,
human performance and mental workload estimation[44]. IMPRINT’s primary
domain has been in the military sector [35][46][47][48]; however, this research
will extend the use of the tool in the civilian manufacturing sector. The initial
step of the IMPRINT process is to identify the tasks that are necessary to
operate the proposed system and the system operators to create the task
network. In this framework, the inputs for step 1 were completed by using a
Hierarchical Task Analysis (HTA) and Applied Cognitive Task Analysis
(ACTA). The Hierarchical Task Analysis (HTA) provides inputs for the ACTA,
Workload Profile, NASA-TLX and IMPRINT. The HTA is a step-by-step
methodology, which was used to understand the task and procedure within this
type of manufacturing environment. The HTA works by decomposing systems
into a hierarchy of goals, sub-ordinate goals, operations and plans; it focuses on
what the operator is required to do in terms of actions and/or cognitive
processes to achieve a system goal [49]. The HTA was used to understand and
examine process in order to provide inputs throughout the theoretical
framework. The ACTA provided techniques, which can be used to analyze the
mental demands required for each task.

This methodology, compared to

traditional task analysis, is most appropriate in exploring complex domains [43].
There are seven steps to the ACTA process, which are made up of four different
methods:

task diagram interview, knowledge audit interview, simulation

interview and the cognitive demands table. Next, the order in which the tasks
will be performed along with the times to perform the tasks must be established.
This information was obtained from the HTA and Subject Matter Expert (SME)
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interviews. All of this data is used to create the network diagram in IMPRINT.
This study is made up of two scenarios: cleaning-inspection and final inspection;
a network diagram was created for each scenario.

The cleaning-inspection

scenario model is made up of two primary functions, that run parallel, and
twelve sub-functions. The final inspection scenario model is also made up of two
primary functions that run parallel, but it has twenty-six sub-functions. To
illustrate an example of the task network modeling, the final inspection scenario
model is shown below (Figure 6.2 and 6.3):

Figure 6.2: Final Inspection: Overall MATB Model (Two Primary Tasks)

Figure 6.3: Final Inspection: Events Sub-Functions
Next, the numerical resource values are estimated for each task using the
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IMPRINT rating scale; this is based upon the mental resources the operator
needs to perform the task. The rating for each resource is based upon a scale
(Appendix A) that contains anchors which describe the behaviors expected by
each interval. Auditory, cognitive and fine motor resources are based upon a 7point scale, speech is a 4-point scale, visual and gross motor demands are rated
on a 6-point scale. After the resource ratings are entered, the software uses an
embedded workload algorithm to calculate workload and provide workload values
using charts and graphs over time for each system task (Appendix E).
IMPRINT can model different scenarios to study human capability relative
to MWL predictions, in order to develop an effective human-system design that
uses an ideal range of mental resources. Discrete events, with their estimated
task times, and MRT ratings, for associated mental resources, are the simulation
inputs. IMPRINT has a MWL element that defines workload relative to the
MRT dimensions [36]. With this information, IMPRINT can formulate MWL
predictions for varying task/design combinations. As IMPRINT does not provide
guidance on how to mitigate mental overload to improve the system, the aim of this
experiment is to model various scenarios based upon the IMPRINT predictions in
order to improve the human-system design in the manufacturing domain. Based
upon these predictions, the mental resource demands of these various scenarios
will be mapped back to MRT. This study uses IMPRINT Pro Version 3.5.

6.4.7

Experiment Overview

The proposed research plan for assessing mental workload has one
independent variable, task complexity. There are two levels for task complexity:
cleaning-inspection (low task complexity) and final inspection (high task
complexity).

Next, the three MWL measurement categories of subjective,
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physiological and performance, as cited by Cegarra and Chevalier (2008), are the
dependent variables in this experiment. The dependent variables were measured
with four different collection methods (Table 6.1). Two methods were used for
data collection of the subjective measures:

the NASA-TLX and Workload

Profile. Fixation duration was collected using a nonintrusive eyetracking system
to observe the physiological measure, and performance was calculated using the
HEP formula from Section 6.4.5. JMP statistical analysis was utilized to analyze
the experimental variables from the data collection.

In summary, statistical

analyses were performed on the various sources used to assess the different
responses of mental workload associated with each level of task difficulty in a
within subject experimental design.

Table 6.1: Experimental Variables

The experimental data from Table 6.1 is used to validate the theoretical
framework that was designed to evaluate MWL demands in repetitive tasks
operations. Each of the dependent variables are elements into the framework
and measure MWL. These measures should not be statistically different within
each task difficulty level. Therefore, the hypothesis is that the inputs to the
framework will predict MWL in manufacturing. If the MWL measures indicate
no significant difference amongst the measures for each task difficulty level, it
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will be concluded that the model is valid in determining MWL.

6.4.8

Apparatus and Stimuli

Eyetracking

The method for collecting the physiological measures in this study is the
Tobii – T120 eyetracker. This eyetracking system is integrated into a 17-inch TFT
monitor with a resolution of 1280 X 1024 pixels. It can be used to record user
gaze and visual physiological measures. The data collection frequency was 60Hz.
This experiment took place in a controlled environment, the Human Performance
and Cognition Laboratory at Wright State University to minimize error factors,
like lighting and noise, because ambient lighting can affect the pupil, and noise
can cause distractions and divert attention [5].

Air Force Multi-Attribute Task Battery Software (MATB)

The 2013 version of the Air Force Multi-Attribute Task Battery
(AF-MATB) Software for human performance and workload research was
utilized for data collection of each scenario. The MATB has been used in many
human performance studies associated with multitasking like evaluating
adaptive task allocation for automation monitoring (Parasuraman, Mouloua, &
Molloy, 1996), task complexity [60] and the effects of medication [61]. It has also
been used to evaluate single-task workload conditions [32].
The MATB was performed on a Dell Precision T5500 desktop computer with a
2.13GHz Intel processor and the Windows 7 Ultimate operating system. The Tobii
eyetracking monitor was used to display the simulations. Participants interacted
with MATB using a joystick and HP keyboard. MATB is a computer program
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originally developed by NASA to evaluate human performance and workload in
a multi-tasking environment [62]. It has recently been redeveloped by the United
States Air Force[63].
The MATB is a simulated environment of general piloting tasks; the tasks are
system monitoring, tracking, communications and resource management. It also
provides scheduling and pump status displays. System monitoring is made up of
two sub tasks: warning lights and scales. The normal state of the lights is that
the left one is lit with a green light and the right one is dark. The participants
are required to respond to the stimulus by clicking its corresponding function
key when the left light goes dark or the right light turns red. Each scale has
an indicator light that moves up and down independently on each scale. If the
either of the indicator light moves more than one mark in either direction, the
subject is required to hit its corresponding function key. The tracking task can
operate in either manual or automatic mode. In the manual mode, the circular
target will fluctuate outside the box, so the subject must use a joystick to keep
it in the center of the inner box. However, during automatic mode, the target
will remain in the inner box. For the communication tasks, the subject listens
to messages on radio frequency changes, like air traffic control requests. When a
message is given, the subject must respond to the content of the message; not all
messages in the communication task may pertain to the subject. When a message
is intended for the subject, the channels are changed using the up/down arrow keys
on the keyboard and the frequency is changed by using the left/right arrows on
the keyboard. Next, ENTER must be pressed when done selecting the frequency.
The resource management component simulates the demands of managing the fuel
system. The aim of this task is to maintain the two consumption tanks (Tank A
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and Tank B) at a specific volume using the eight pumps and four supply tanks.
In order to maintain the task objective, subjects must transfer fuel from the lower
supply tanks to the consumption tanks. To activate a particular pump, the subject
presses the pump number on the keyboard; pressing the key a second time will
toggle the pump off. Fuel is transferred in the direction of the flow arrows. When
the pump is red, the pump is not operational; this is a failed state. If the pump
color matches the background color of the main window, it is a deactivated state.
When the pump is on, the flowrate is listed at the pump status display; if the
pump is off, flowrate is 0. The scheduling display provides information into the
future for tracking and communication subtasks. The following (Figure 6.4) is a
screenshot of the MATB display:

Figure 6.4: MATB Display
In this study, there were two task complexity levels pre-scripted that
required monitoring of all MATB tasks: cleaning-inspection and final inspection.
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The parameters for the cleaning-inspection and final inspection conditions were
established by attempting to model the mental resource demands of a
manufacturing process from a prior pilot study. The mental resources from the
cleaning and final inspection models are incorporated into the MATB tasking
design. The process flow of the framework (Figure 6.1) was followed to create
the simulated conditions. The number of subtasks/events were manipulated to
vary the load (Appendix C). Both conditions were set to a manual low tracking
disturbance.

The cleaning-inspection scenario contained one light detection

event, one gauge fault and one shutoff valve. This composition of task repeated
every 60 seconds. The final inspection scenario contained six light detection
events, four gauge faults, three shutoff valves and four shutoff pumps. In the
same manner as the cleaning-inspection scenario, the final inspection scenario
tasks repeated every 60 seconds.

6.4.9

Participants

The study used eleven graduate students from the Biomedical, Industrial
and Human Factors Department of Wright State University (WSU). The subject
pool was made up of 4 females and 7 males. Sixty-four percent of participants
were within the age range of 18 – 29. All participants had normal to correctedto-normal vision; none were color deficient. The participants were assessed in a
computer-based simulation environment, performing the MATB simulation. The
Tobii eyetracking system was used to record user gaze and visual physiological
measures while performing the experiment (Figure 6.5).
Immediately following each simulated scenario, the participants were asked
to complete the NASA-TLX and Workload Profile questionnaires.

Using

assumptions from a previous MWL study, the GPower statistical tool was
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Figure 6.5: MATB Display with Tobii Eyetracking System
utilized to calculate sample size[64]. According to the results, a minimum of
seven subjects are required in order to obtain a statistical power of 0.84; a
sample pool of eleven was achieved.

A Latin-square design was used to

randomize the experiment; half the subjects got the low complexity scenario
first, and the others got the high complexity scenario first.

The study was

conducted in accordance to the Human and Subjects requirements specified by
the Wright State University Internal Review Board (IRB). The subjects were
volunteers and were not paid for their participation.

6.4.10

Experimental Procedure

A Workload Profile seminar was conducted and each subject was required
to attend in order to participant in the experiment. Subsequently, each subject
returned at an assigned time to participant in the experiment. The subjects were
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given a consent form to review and sign for participating along with a pre-test
questionnaire in order to obtain background information.

Each participant

received a short briefing on the experiment, equipment and procedures. Next,
the Tobii eyetracking system was calibrated for each participant. A training
session on the MATB was conducted for all subjects prior to running the
simulation. Immediately following the training, the experiment took place. The
experiment consisted of two treatments: cleaning-inspection and final inspection.
The duration of each treatment was 10 minutes in length; every 60 seconds the
same tasks repeated. After each scenario, the NASA-TLX and Workload Profile
post-questionnaires were administered.

6.5

RESULTS
For each test run, data was collected to measure mental workload: NASA-

TLX, WP, fixation duration and HEP. Table 6.2 summarizes the data collected.
Table 6.2: Response Variables Mean Summary

The data was analyzed using a t-test in JMP Pro 11 software for statistical
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analysis to evaluate significant differences amongst the treatment levels. The
significance level was fixed at 0.05. The normality assumption was tested for the
response variables and the results showed no major departures from normal. The
hypotheses for this test are as follows:

H1 : µ1 6= µ2

H0 : µ1 = µ2

The null hypothesis assumes the mean MWL measures for the treatment
levels are equal. However, the alternative hypothesis assumes the mean MWL
measures amongst the treatments are different. This test was conducted to test
whether the framework diagnoses a significant difference amongst the treatment
levels. Table 6.3 summarizes the test results.
Table 6.3: t-Test Results

The t-Test results (Table 6.3) show that the workload profile, fixation
duration and HEP do not indicate a significant difference between the treatment
levels of cleaning inspection (low complexity) and final inspection (high
complexity). Therefore, the participants’ responses did not vary significantly for
the two task models.
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Next, a correlation analysis was conducted to identify if a linear relationship
exists between the MWL measures for each treatment level. This was done to test
whether the framework identifies a linear relationship among the MWL measures
for each treatment level. Table 6.4 summarizes the correlation results. Two
of the three MWL categories (physiological and performance) were significantly
correlated for each treatment level.
Table 6.4: Spearman’s Correlation

Figure 6.6: IMPRINT Workload Profile for Cleaning-Inspection Model
71

Figure 6.7: IMPRINT Workload Profile for Final Inspection Model
Figures 6.6 and 6.7 illustrate the workload profile from IMPRINT for the 60
second work cycle of each experimental condition. Figure 6.6 shows the highest
level of load is at the initiation of the cycle, then the load peaks again at about
40 seconds within the cycle at a value of 52.81 during a gauge triggered fault.
The overall workload for this condition in IMPRINT averages 59.12. Similarly,
as the low condition, Figure 6.7 demonstrates the workload profile for the final
inspection scenario. A high level of load is experienced at the initiation of the
simulation cycle. The model specifies that the workload spikes again at 30 seconds
with a value of 156.49 and at 49 seconds with a value of 139.83, during both of
these times, there are four overlapping tasks. The average overall workload for
this condition in IMPRINT is 67.18.
Mental workload for each participant was evaluated using a comparison of
high and low workload points from the IMPRINT mathematical model’s
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prediction. Table 6.5 shows these values for both processes. A second period
around these points was used to calculate the fixation duration for each
participant (Figure 6.8).
Table 6.5: IMPRINT MWL Predictions

Figure 6.8: Fixation Duration Corresponding to a High and a Low Point of the
IMPRINT Model
(standard deviation represented with the error bars)
In order to perform this evaluation at a designated high point and low point
in the mathematical model, the corresponding total fixation time was calculated
(Figure 6.8).

The purpose of this analysis was to validate the participant’s

physiological MWL indicator to the mathematical model. A t-Test was applied
to the fixation duration measure to determine whether a significant difference
occurs between the high and low points for each simulated task condition:
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cleaning-inspection (t-Ratio = 0.7389, p = 0.2349) and final inspection (t Ratio
= 1.7270 , p = 0.0511).
The simulation was designed using the theoretical framework to model the
mental resource demands of a manufacturing process from a previous pilot study.
The aim was to achieve the mental resource breakdown in Figures 6.9 and 6.10.
The simulated process was designed with the greatest task load using cognitive,
visual and fine motor resources.

Figure 6.9: Mental Resource Mapping for the Cleaning-Inspection Model
The WP ratings for both complexity conditions indicate that the task
demands are greatest for the visual, manual and perceptual dimensions of the
WP scale. The WP results correlate with the simulation design, validating that
the operator’s perceived task demands show a relationship with the design
demands.

Therefore, the WP subjective MWL method confirms that the

simulated model mental demands are a result of the visual, cognitive and fine
motor resources.
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Figure 6.10: Mental Resource Mapping for the Final Inspection Model
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6.6

CONCLUSIONS
This research presents a theoretical framework that provides a systematic

approach to analyzing MWL in manufacturing. It incorporates Human Factors
methods to evaluate MWL for human systems design and integration for
manufacturing repetitive task operations. The first step in the analysis was to
determine if the framework diagnosed a difference between the two task-levels
(cleaning-inspection and final inspection models). The results showed that there
was not a significant difference between the scenarios, relative to MWL, for three
of the four response variables (Table 6.3). Although the final inspection model
incorporated more stimuli, the participants’ responses did not indicate a major
change for mental workload. The next step of the analysis was to test the main
hypothesis, which is the inputs to the framework will predict MWL in
manufacturing for repetitive tasks. The premise of this hypothesis is that the
inputs to the framework for each task complexity level tested would be
significantly correlated.

Two of the three input measures were significantly

correlated. So, it is plausible to conclude that the framework accurately predicts
overall MWL for repetitive task processes. A third analysis was performed to
evaluate a comparison of the participants’ physiological indicator and the
IMPRINT mathematical model’s prediction specifically at high and low MWL
points in the task process. The results of the physiological indicator for the final
inspection model show that there is a significant difference in the final inspection
model’s high and low points. This difference is likely due to the number of
parallel subtasks that are required for this type of inspection process that uses
the same type of resource. Therefore, the difference in the physiological measure
between the high and low workload points concurs with the IMPRINT
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predictions. On the other hand, results of the physiological indicator for the
cleaning-inspection model show that there is not a significant difference in the
final inspection model’s high and low points, which could be attributed to both
the low and high peaks are below the threshold measurement for manageable
MWL. In summary, human performance modeling can be used to evaluate
alternative processes that can be implemented based on MRT to ultimately
improve MWL for the worker in the manufacturing environment.
The framework was validated using computer simulations, mathematical
modeling and MWL measures.

As part of the validation, two experimental

scenarios with a MATB simulation were used, which varied in difficulty by the
type and number of stimuli imposed on the operator. The key finding of the
experiment is that the MWL inputs do not show a significant difference for the
dependent variables of each task modeled. Therefore, the results support the
hypothesis by accurately predicting MWL. The framework is robust, it is a
combination of human factors methods and MWL metrics, which can be applied
to any repetitive motion tasks, thereby enabling the transfer of the methodology
to varying processes and systems. This theoretical framework uses MRT as the
underpinning theory for the MWL predictions. Going forward, this work can be
extended further by transitioning the approach into a practical application for
industry, creating a MWL index as a quick reference for design predictions.

77

7

7.1

MENTAL WORKLOAD EVALUATION
FOR HUMAN SYSTEMS DESIGN IN
MANUFACTURING

ABSTRACT
Objective: This article evaluates the effectiveness of a proposed theoretical
framework in measuring mental workload in repetitive task operations.
Background: As multitasking becomes more prevalent in manufacturing
operations, mathematical models will be needed to understand the cognitive
load on the operator in order to improve performance and safety.
Method: A human evaluation was conducted with twenty-six subjects in a
simulated manufacturing experiment. Building blocks and measuring tools
were used in a repetitive task with various treatment levels. The mental
workload of each treatment was measured using subjective, physiological
and performance measures.
Results:

The key finding of this experiment is that the framework

accurately predicts MWL as the inputs are statistically correlated for two
of the three independent variables for each of the tasks modeled.
Conclusion: The theoretical framework was developed using a systematic
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approach for measuring mental workload.

The results support the

hypothesis that the framework accurately predicts MWL and supports
more than one measure is needed to predict MWL in repetitive tasks
processes.
Application: The proposed framework was designed to evaluate operator
mental workload utilization in the manufacturing domain to improve the
design of modern manufacturing processes requiring high cognitive demand.
Key Words: Human Performance, Mental Workload, Manufacturing,
Framework, Cognitive Ergonomics

7.2

INTRODUCTION
As the world becomes more competitive, production systems must become

more flexible, adaptable, productive, cost and schedule efficient and quality
driven, which requires a focus on the human operator [3]. Mental workload
should be considered in the system design to ensure that high levels of MWL are
within the worker’s capability [65]. Lindblom & Thorvald (2014) addresses the
question of how the understanding of cognitive load in manufacturing can lead
to a better workplace for shop floor workers [1]. In this study, a framework is
proposed using the theory of various Cognitive Work Environment Problems
(CWEPs) to understand how task and work station designs influence an
operator’s cognitive load. In another study, Thorvald & Lindblom (2014) present
the initial development of a cognitive load assessment tool for manufacturing
operations [2]. The aim of this tool is to identify risk in tasks and workstation
designs where a high cognitive load may lead to poor performance. The tool
evaluates the task and workstation functions; it is made up of an evaluation form
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to assess factors that can influence the task or workstation. These frameworks
do not measure and compare MWL across the various categories: subjective,
physiological and performance. This research proposes a theoretical framework
using a combination of analytical and empirical techniques to evaluate MWL
resources in manufacturing for repetitive task operations using the three
categories of MWL in efforts to improve the diagnosticity of the framework. The
aim of this framework is to improve operator performance and human-system
design through the use of mental workload applications to identify operator
mental workload utilization. The framework is illustrated as follows:

Figure 7.1: Theoretical Framework for Evaluating MWL
The above stated framework is made up of six primary steps. Step 1 is to
study the manufacturing process and gain knowledge of the system. The tool
used for this assessment was a Hierarchical Task Analysis (HTA). The HTA is a
step-by-step methodology to understanding a task or system.

It works by

decomposing systems into a hierarchy of goals, sub-ordinate goals, operations
and plans; it focuses on what the operator is required to do in terms of actions
and/or cognitive processes to achieve a system goal [49].

Next, Multiple

Resource Theory (MRT) is applied in step 2 to assess the mental resources
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utilized to complete the process tasks. MRT is a predictive model that aids in
understanding an operator’s performance ability while multi-tasking [33]. When
an individual performs a task, he or she expends mental operations and to some
extent, each operation deploys mental processing resources crucial to completing
the task [35]. People are capable of multi-tasking until task demands exceed
available resources. According to MRT, the human mind can allocate several
resources to task demands either individually or collectively to include: visual,
auditory, cognitive, motor, and speech.

When task demands overlap, fewer

resources are available and MRT predicts that performance will degrade when
multiple task requiring competing resources, which could lead to a compromise
in system safety and effectiveness. Next, simulation modeling is deployed in Step
3; this step uses Improved Performance Research Integration Tool (IMPRINT).
IMPRINT is a human performance modeling approach that uses computer-based
discrete event simulation to predict mental workload. This tool was developed
by the Human Research and Engineering Directorate (HRED) of the United
States Army Research Laboratory (ARL) [44]. IMPRINT is used to quantify the
expected MWL in the system design. Step 4 measures mental workload using
subjective, performance and physiological measures.

The subjective measure

used is the National Aeronautics and Space Administration – Task Load Index
(NASA-TLX). NASA-TLX is a subjective MWL assessment tool; it is the most
commonly applied MWL assessment tool.

The NASA-TLX uses a

multi-dimensional scale to measure operator task performance, which consists of
six subscales:

mental demand, physical demand, temporal demand, effort,

performance and frustration level [18]. With performance metrics, such as time
taken, speed, or number of errors, the mental workload required in a given task
can be assessed [11]. Bubb (2005) defined human error probability (HEP) as the
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probability that a specific task under observation was accomplished defective
during a certain timeframe [30]; the proposed framework uses this metric for
performance assessment. The use of physiological measures as an indicator of
MWL is based upon the assumption that as task demand increases, changes in
various participant physical responses are noticeable [13]. Fixation count was
used as the physiological measure. Fixations are moments when the eyes are
relatively stationary. As cited [66] findings indicate that the frequency of long
fixations increase with increased workload (Iqbal, Adamczyk, Zheng, & Bailey,
2004, 2005; Iqbal, Zheng, & Bailey, 2004; Lin, Zhang, & Watson, 2003; Rognin,
Grimaud, Hoffman, & Zeghal, 2004; Stein, 1992; Van Orden, 2000; Van Orden et
al., 2000; Veltman & Gaillard, 1998; Zeghal, Grimaud, Hoffman, & Rognin,
2002). Step 5 analyzes the data from Steps 3 and 4 to determine the MWL
condition (i.e. overloaded or under-loaded). If there is a MWL overload, an
analysis using MRT will be done to determine the attribution of mental
resources that correlate to the mental overload and/or performance errors. (If a
mental overload condition is not measured, the process can end.) In the event of
a mental overload situation, step 6 will evaluate and revise the tasks.

The

manufacturing system can be modified based on the MRT principles to reduce
the resources contributing to the mental overload, and MRT can be applied
again to compare the modified system resources to the baseline.
The focus of this study is to develop and test the proposed framework,
which utilizes a systematic approach for measuring mental workload in repetitive
task operations, like manufacturing. The hypothesis of this study is that the
inputs to the framework will predict operator MWL in a manufacturing
environment. To test this hypothesis an experiment was designed and conducted
82

with the following treatment levels: assembly and inspection with tools (ATI),
assembly with tools (AT), assembly and inspection (AI), and assembly only (A).
These task combinations are representative of common manufacturing work
procedures with varying levels of task complexity.

7.3

METHOD

7.3.1

Participants

The study was made up of twenty-six participants; 14 females and 12 males.
Eighty-eight percent of participants were within the age range of 18 – 29. All
participants had normal to corrected-to-normal vision; none were color deficient.
Three subjects had previous production experience.

The participants were

assessed in a simulated manufacturing environment. The primary task in the
experiment was to build an object with toy building blocks, in a repetitive
process. The subjects were volunteers and not paid for participating. Prior to
participating in the study, informed written consent was obtained from each
subject.

This study was conducted in compliance with the Wright State

University Internal Review Board (IRB).

7.3.2

Apparatus and Stimuli

Tobii Pro Glasses 2 Eye Tracker was used to record the visual physiological
measure while performing the experiment (Figure 7.2).

These glasses are a

non-intrusive method for measuring eye movement; the head unit weights
approximately 0.1 pound. The raw fixation filter of 20 milliseconds was used to
translate the gaze data into eye movements. The Tobii Pro Analyzer Version
1.16 software was employed to analyze fixation frequency and export videos
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made with the Tobii glasses. The data collection frequency was 100 Hz. The
Tobii Glasses Controller ran on a Dell Laptop with Windows 7.0 operating
system.

Figure 7.2: Simulated environment with Tobii Eyetracking Glasses

7.3.3

Experimental Procedure

A within subject design was used in a repetitive task simulation using toy
building blocks. Before the experiment began, each subject was given a briefing
on the test scenarios and procedures. For each simulated scenario (i.e. treatment)
the participants were given up to five minutes to review the work instructions
(Appendix D) and train with the toy building blocks and inspection tools. The
toy blocks were chosen to build with because of its similarity to an assembly
process. During the simulation, the subjects had to adhere to a combination of
color criterion and use a scale and caliper to take inspection measurements. There
were different instructions for each test scenario. The color coding and measuring
with tools were used to simulate inspection tasks. Next, the Tobii eyetracking
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glasses were calibrated before data collection of each simulation. Immediately
following the calibration, the experiment took place. Each scenario was given a
targeted cycle time. Each cycle was completed five consecutive times during each
treatment run. After completing each scenario, the NASA-TLX post questionnaire
was administered.
There are three dependent and four independent variables in this
experiment (Table 7.1). The process flow of the theoretical framework (Figure
Table 7.1: Experimental Variables

7.1) was applied to develop and examine the various conditions of the simulated
processes. Each of the response variables for this experiment are elements in the
theoretical framework. JMP statistical software package was used to analyze the
response variables. The test scenarios were randomized using a Latin-square
method.

7.3.4

Data Collection

Data was collected for each treatment to measure mental workload: NASATLX, fixation frequency, and HEP. Table 7.2 summarizes the collection.
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Table 7.2: Descriptive Statistics for the Experimental Variables

7.4

RESULTS
Table 7.3 reports the results of the repeated measures ANOVA comparing

the means of the mental workload measures for the four treatments. The test
hypotheses are as follows:

H0 : µ1 = µ2 = µ3 = µ4 = 0
H1 : µi 6= 0 for at least one i

The null hypothesis assumes that all the MWL means across the four different
treatments are the same. On the other hand, the alternative hypothesis assumes
that at least one MWL measure differs from the others.
The data showed a significant effect on MWL for each treatment level at
a significance level of 0.05 for all three of the measures: NASA-TLX, fixation
frequency and HEP. Therefore, it is concluded that there is a significant difference
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Table 7.3: Analysis of Variance Results

between the treatments in the experiment. A post hoc test was performed to
compare each treatment with all other treatments. The hypotheses for this test
are:
H1 : µ1 6= µ2

H0 : µ1 = µ2

The null hypothesis assumes that both MWL treatment means are the same.
Otherwise, the alternative hypothesis assumes that the means are not equal. The
data in Table 7.4 is a summation of the post hoc comparison using the Student’s t
test. This test indicated two of the three mean MWL measures were significantly
different for five of the six treatment combinations. In addition, the HEP results do
not imply a significant difference in performance for the inspection task treatment
combinations. Subsequently, a correlation analysis (Table 7.5) was conducted
to identify if a linear relationship exists between the MWL measures for each
treatment level. Two of the three MWL measures (HEP and fixation frequency)
were significantly correlated for each treatment level.
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Table 7.4: Student’s t Test results

Table 7.5: Spearman’s Correlation

For each treatment, data was collected to measure MWL: NASA-TLX,
fixation frequency and HEP. An analysis was conducted to compare the effect of
task complexity on mental workload in the four different treatments. There was
a significant effect of task complexity on MWL (Table 7.3) for each treatment
level. Two of the three mean MWL measures were significantly different for five
of the six treatment combinations (Table 7.4). Only one MWL measure (i.e.
fixation frequency) showed a significant difference between the AI and AT
conditions. This implies that the subjects’ perception and actual performance
did not show a statistical difference between these two treatment levels. To
evaluate this further, the resource scale (Appendix A) in IMPRINT was used to
calculate the MWL resource utilization for all the treatments, and then graphed
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(Figure 7.3).

The treatments with the inspection elements utilized more

cognitive resources in comparison to the assembly only treatment (A).

Figure 7.3: MRT Resource Utilization for Each Treatment
The difference in cognitive resource utilization (Table 7.6) between the AI
and AT treatments is 32.7. This cognitive utilization difference is the lowest
between any of the treatment combinations. This implies that the difference in
utilization of cognitive resources was not large enough to effect the operators’
perception or performance. This finding is similar to a study by Evans (2013);
the findings of this experiment could not detect MWL differences between a fully
automated and partially automated system using the three categories of MWL
[67].

However, the measures were able to detect differences among a fully

automated and manual task.
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Table 7.6: Difference in Mental Resource Utilization

7.5

DISCUSSION
Each step of the process was important to determining whether the

framework accurately predicts MWL. Figure 7.4 summarizes the steps taken to
analyze the data collection.

Figure 7.4: Analysis Approach
In step 1, the data collection was summarized using descriptive statistics to
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describe the data. The mean MWL responses for the NASA-TLX and fixation
frequency showed the same trend across treatment levels. On the other hand,
HEP showed the AI and AT treatments had similar values. Next, step 2 uses an
F-test statistic to compare the means of each MWL level across the four
treatment levels.

This was done to determine whether the framework could

diagnose a significant difference amongst the treatments for each task complexity
level.

The results in table 7.3 showed that there is a significant difference

amongst the treatments for each MWL response for at least one of the treatment
levels. Afterwards, a post hoc test using the Fisher’s Least Significant Difference
(LSD) method was performed to test whether the framework diagnoses a
difference in treatment combinations in step 3. Two of the three MWL measures
indicated a significant difference across all of the combinations except one,
AI-AT combination (see table 7.4).

This may be due to the fact that the

treatment combination (AI-AT) experienced the lowest cognitive and visual
utilization difference of any of the other combinations.

This trend was also

shown in the descriptive statistics. Step 4 administered a correlation test to
determine if a linear relationship exists among the MWL measures in the
framework for each treatment.

If the MWL measures indicate a significant

correlation amongst the measures for each task difficulty level, it will be
concluded that the framework is valid in predicting MWL. The two measures,
fixation and HEP, that were statistically correlated for each treatment level, are
objective, in comparison to the NASA-TLX, a subjective measure. During step
5, the MWL resources for each treatment were further examined to compare the
resource utilization across each treatment combination. The resource mapping
from IMPRINT indicated the tasks with the inspection elements created the
highest cognitive load for the operators. The results of this work demonstrate
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the influence of inspection tasks on the operator during a manual procedure.
Although the simulated task would be considered fairly simple, when the
inspection elements were added, the cognitive load of the operator increased and
performance declined.

7.6

CONCLUSIONS
System design and procedures in manufacturing must be approached

differently to improve performance as multitasking is becoming an integral part
of production processes. The system design of tasks that require simple routine
procedures must be approached differently than tasks with higher cognitive load,
in order to sustain required levels of performance. Eklund (2000) demonstrates a
relationship between workers’ job characteristics, which include physical,
physiological, cognitive and other organizational factors, with its quality and
productivity performance [68]. The proposed framework in this study offers an
alternative for system design in manufacturing. Bommer and Fendley (2015)
introduced this framework during a pilot study [69].

Since, that time, the

theoretical framework has been expanded and validated in a laboratory setting,
which warrants merit for future work and validation in the field.
This study simulated a manual repetitive manufacturing process with
inspection tasks.

The results of this work demonstrated the influence of

inspection tasks on the operator during a manual procedure.

Although the

simulated task would be considered quite simple, when the inspection elements
were added the cognitive load of the operator peaked. An extended study, using
this framework, designed to develop a regression model as a tool for practical
application of optimizing the cognitive load for improved performance could
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benefit the manufacturing industry. In closing, the proposed framework offers an
innovative approach in manufacturing for human systems design; it incorporates
cognitive design into the manufacturing process. This work is relevant to the
changing demands of the manufacturing industry.
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8

THEORETICAL CONTRIBUTIONS AND
PRACTICAL APPLICATION

As manufacturing operations move towards more complex systems and
procedures to become more competitive and adaptive to production demands,
cognitive demands are becoming a predominate factor in manufacturing
operations. Therefore, cognitive models are needed to analyze the operator’s
performance as it relates to mental workload while performing repetitive task
operations.

Theoretical frameworks to support the development of these

cognitive models are required to provide a better understanding of the
human-system interaction that impacts operators’ mental workload.

1. IMPRINT Application
This study is one of the first to apply IMPRINT in a non-military
application. Future studies to establish a MWL threshold for repetitive
manual tasks would benefit the manufacturing industry for creation of
improved model prediction.

2. Capacity Planning
The findings of the pilot study in this work demonstrate that the proposed
framework could be used during design and set-up stages of a process to
construct better operations in efforts to reduce mental overload for the
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operator in repetitive task processes. When looking at the results of this
pilot study, this model has proven to be valuable for understanding
operator MWL resources in human-machine design for capacity planning
of process set-up for a system that is not built, and modifications for an
existing system.

This method can improve the design of modern

manufacturing processes requiring high cognitive demand.

3. Supervisory Control Tasks
Experiment 1 tested the proposed framework in a supervisory control task.
The framework was validated using computer simulations, mathematical
modeling and MWL measures. The findings support that the theoretical
framework accurately predicted MWL. This work is important because, as
manufacturing systems become more automated, the cognitive demand of
the operator must be included in the system design for improved
performance. Therefore, industry could benefit from future studies that
model various manufacturing supervisory controlled processes to further
examine these findings.

4. Manual and Inspection Tasks
Experiment 2 simulated a manual repetitive manufacturing process with
inspection tasks. The results of this work demonstrated the influence of
inspection elements on the operator during a manual procedure. Although
the simulated task would be considered quite simple, when the inspection
elements were added, the cognitive load of the operator peaked. An extended
study, using this framework, designed to develop a regression model as a
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tool for practical application of optimizing the cognitive load for improved
performance could benefit the manufacturing industry.

In closing, the proposed framework offers an innovative approach in manufacturing
for human systems design; it incorporates cognitive design into the manufacturing
process. This work is relevant to the changing demands of the manufacturing
industry and can be applied across domains with repetitive task processes.
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J. M. Prieto, “José j. cañas, boris b. velichkovsky, and boris m. velichkovsky,”
IAAP Handbook of Applied Psychology, p. 316, 2011.
[52] J. Annett and N. Stanton, “Research and developments in task analysis,”
Task analysis, pp. 1–8, 2000.
[53] W. C. Elm, S. S. Potter, J. W. Gualtieri, J. R. Easter, and E. M. Roth,
“Applied cognitive work analysis: a pragmatic methodology for designing
revolutionary cognitive affordances,” Handbook of cognitive task design, pp.
357–382, 2003.
103

[54] L. G. Militello and R. J. Hutton, “Applied cognitive task analysis
(acta): a practitioner’s toolkit for understanding cognitive task demands,”
Ergonomics, vol. 41, no. 11, pp. 1618–1641, 1998.
[55] J. A. Pesante, R. C. Williges, and J. C. Woldstad, “The effects of multitasking
on quality inspection in advanced manufacturing systems,” Human Factors
and Ergonomics in Manufacturing & Service Industries, vol. 11, no. 4, pp.
287–298, 2001.
[56] S. Loft, P. Sanderson, A. Neal, and M. Mooij, “Modeling and predicting
mental workload in en route air traffic control: Critical review and broader
implications,” Human Factors: The Journal of the Human Factors and
Ergonomics Society, vol. 49, no. 3, pp. 376–399, 2007.
[57] M. Hertzum and K. D. Holmegaard, “Perceived time as a measure of mental
workload: Effects of time constraints and task success,” International Journal
of Human-Computer Interaction, vol. 29, no. 1, pp. 26–39, 2013.
[58] D. K. Mitchell, “Mental workload and arl workload modeling tools,” DTIC
Document, Tech. Rep., 2000.
[59] A. F. Kramer, “Physiological metrics of mental workload: A review of recent
progress,” Multiple-task performance, pp. 279–328, 1991.
[60] R. Molloy and R. Parasuraman, “Monitoring an automated system for a
single failure: Vigilance and task complexity effects,” Human Factors: The
Journal of the Human Factors and Ergonomics Society, vol. 38, no. 2, pp.
311–322, 1996.

104

[61] J. A. Caldwell, K. A. Roberts, and H. D. Jones, “Evaluating performance
effects of a medication (dexedrine) in the simulator versus aircraft
environment.” DTIC Document, Tech. Rep., 1999.
[62] J. R. Comstock Jr and R. J. Arnegard, “The multi-attribute task battery for
human operator workload and strategic behavior research,” 1992.
[63] Y. Santiago-Espada, R. R. Myer, K. A. Latorella, and J. R. Comstock Jr,
“The multi-attribute task battery ii (matb-ii) software for human
performance and workload research: A user’s guide,” 2011.
[64] F. Faul, E. Erdfelder, A.-G. Lang, and A. Buchner, “G* power 3: A flexible
statistical power analysis program for the social, behavioral, and biomedical
sciences,” Behavior research methods, vol. 39, no. 2, pp. 175–191, 2007.
[65] A. B. Badiru and M. Resnick, Human factors. CRC Press, 2013.
[66] S. Doherty, S. O’Brien, and M. Carl, “Eye tracking as an mt evaluation
technique,” Machine translation, vol. 24, no. 1, pp. 1–13, 2010.
[67] D. C. Evans, “A theoretical adaptive autonomy model:

Real-time

physiological assessment of cognitive workload,” Ph.D. dissertation, Wright
State University, 2014.
[68] J. Eklund, “Development work for quality and ergonomics,” Applied
ergonomics, vol. 31, no. 6, pp. 641–648, 2000.
[69] S. Bommer and M. Fendley, “Reducing mental workload resources in human
systems design for manufacturing operations,” 2016. [Online]. Available:
http://www.xcdsystem.com/iie/2015 proceedings/iserc/669.pdf

105

APPENDIX A: MRT Resource Rating Scale in
IMPRINT

Speech Resource Demand Values

106

Visual Resource Demand Values

Auditory Resource Demand Values

107

Cognitive Resource Demand Values

Fine Motor Resource Demand Values

108

APPENDIX B: Pilot Study Cognitive Analysis

109

110

111

112

113

114

115

116

117

APPENDIX C: Experiment #1 MATB
Parameters

Low Complexity Task - MATB Parameters

High Complexity Task - MATB Parameters

118

APPENDIX D: Experiment #2 Work
Instructions

119

Task ATI Work Instructions

120

Task ATI Work Instructions (continued)

121

Task AT Work Instructions

122

Task AT Work Instructions (continued)

123

Task AI Work Instructions

124

Task AI Work Instructions (continued)

125

Task A Work Instructions

126

Task A Work Instructions (continued)

127

APPENDIX E: Experiment #2 IMPRINT
Output

128

Task ATI Workload Details

129

Task AT Workload Details

130

Task AI Workload Details

131

Task A Workload Details

132

Task ATI Workload Profile

133

Task AT Workload Profile

134

Task AI Workload Profile

135

Task A Workload Profile

136

APPENDIX F: Subjective Measures
NASA-TLX Questionnaire

137

Workload Profile Pro-Forma

138

APPENDIX G: List of Publications from This
Work

1. Bommer, S. C. & Fendley, M. Mental Workload Assessment for Human
Systems Design in Manufacturing. Human Factors: The Journal of the
Human Factors and Ergonomics Society (to be submitted).

2. Bommer, S. C. & Fendley, M. A Theoretical Framework for Evaluating
Mental Workload Resources in Human Systems Design for Manufacturing
Operations.

International Journal of Industrial Ergonomics (IJIE) (in

review).

3. Bommer, S. C. & Fendley, M. (2015). Reducing Mental Workload Resources
in Human Systems Design for Manufacturing Operations. Proceedings of the
2015 Industrial and Systems Engineering Conference. Nashville, Tennessee:
Institute of Industrial Engineers (IIE).

139

